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zijn financiële steun van dit project.

Zonder de onderzoekspartner, het Proefbedrijf voor de Veehouderij in
Geel, hadden we dit project echter nooit kunnen binnenhalen. Daarom wil
ik graag Johan Zoons, directeur van het Proefbedrijf, bedanken. Johan, uw
directe steun aan het project en uw lobbywerk om de producentenverenigingen
te overtuigen zijn van kapitaal belang geweest.

In het project werden drie jaar lang kippen opgevolgd: groepen kippen
gaande van 72 tot meer dan 40 000 en van Neerpelt over Geel tot in Zuienkerke
bij Brugge. Als ik de gegevens van al die kippen en eieren zelf had moeten
verzamelen, was ik waarschijnlijk ergens in 2020 klaar geweest. Voor alle
metingen in Heverlee kon ik rotsvast rekenen op Inge en voor de metingen in
Geel was er Jenny. Beste Inge, beste Jenny, ik ben met mijn gat in de boter
gevallen met jullie want ik kon geen betere laboranten gehad hebben. Altijd
werden alle eitjes zeer punctueel en accuraat opgemeten en werden de gegevens
zonder fout direct doorgestuurd. Enorm bedankt voor jullie inzet, voor de
immer goede samenwerking en uiteraard ook voor jullie fijne collegialiteit!
Ook bedankt aan alle kippeboeren die bereid waren om aan het project deel
te nemen, dagelijks de productiegegevens door te sturen en drie keer per week
eitjes voor ons te tikken. Bedankt Andy, Raf, Nick, Geert, Ward en Koen.

Daarnaast wil ik ook alle leden van de gebruikerscommissie bedanken.
Jullie feedback tijdens de halfjaarlijkse bijeenkomsten gaf steeds de nodige
bijsturing aan het onderzoek en zorgde ervoor dat ik de link naar het
dagdagelijkse management van een leghennenbedrijf niet uit het oog verloor.

Tijdens een doctoraatsonderzoek is de dagdagelijkse begeleiding een enorm
belangrijk aspect. Door de overvolle agenda’s van de twee promotoren was
deze taak in de eerste plaats weggelegd voor mijn co-promotor Bart DK.
Maar ook Flip heeft zijn steen bijgedragen. Bart en Flip, ik kan niet genoeg
benadrukken hoe belangrijk jullie aanwezigheid in onze onderzoeksgroep is
(geweest) voor mij (en niet alleen voor mij).

II



Dankwoord - Acknowledgements

Flip, gij zat in mijn doctoraatsjaren eerst meer in Zwitserland, uw tweede
vaderland, en later hebt ge helaas de KUL deur dichtgetrokken voor IPTE,
maar ik ben content dat ik ook maar een klein stuk van uw onaflatend
enthousiasme voor het eieronderzoek, en voor de landbouw in het algemeen,
heb kunnen oppikken. Het is me zeker en vast van pas gekomen!

Bart DK, nu ik bijna aan het einde van de rit ben, besef ik dat het eigenlijk
een privilege is geweest om u als begeleider te hebben. Het is ongelofelijk
hoe gij in een kluwen van experimentele opzetten, analysemethodes en
onderzoeksresultaten altijd weer die rode draad terugvindt. Als het allemaal
wat veel werd en ik zag nog niet het kleinste kiezelpaadje in mijn intussen
dichtgewoekerd matlabbos, volstonden vijf minuten overleg met u om opnieuw
een vier-baans autostrade te bewandelen. En ook al verzuipt ge bijna letterlijk
in het werk, ge vindt altijd tijd om iemand uit de nood te helpen en rustig
uw advies te geven. Ik bewonder u daar enorm voor. Heel erg bedankt!

Zoals de spreuk aan het begin van dit dankwoord aangeeft kunt ge goed
samenwerken als ge ook samen kunt lachen. En dat klopt hier volledig!
Als ge ergens gaat werken, hoopt ge natuurlijk dat ge fijne collega’s hebt,
maar verwacht ge niet direct dat sommige van die collega’s ook heel goede
vrienden of zelfs tijdelijk huisgenoten worden. De eiergroep, soms een beetje
berucht, maar altijd enorm plezant: Bart K, van collega over huisgenoot tot
ploeggenoot en recent ook bureaugenoot, nooit gedacht zo ne goeie kameraad
op het werk te vinden, Eefje en Nadia, de twee leutige feestdeernes uit de
groep, Bert, die ons helaas ook al verlaten heeft, Catalin, le bon Roumain, en
de al eerder vermelde anciens Bart DK en Flip. Ook al was het werk soms
nogal repititief - de ene keer duizenden eieren, dan weer duizenden kuikens,
een andere keer duizenden vleeskippen - en daardoor erg vermoeiend, het
was altijd een plezier om samen experimenten te doen en om dan met die
resultaten samen naar een congres te gaan. Recentelijk worden er minder
experimenten gedaan, maar gelukkig zijn er nog de uitstapjes zodat de eikes
toch nog es buitenkomen.

Bram, u wil ik bedanken voor al de technische ondersteuning. Als er iets
gemaakt moest worden - black box, white box, flitser, tikker,. . . - of de
elektronica deed het niet, ge stond altijd direct paraat. En ook bedankt om

III



Dankwoord - Acknowledgements

mij bij te staan met de tikkermiserie. Dirk, u wil ik nog eens extra bedanken
voor de late night constructiesessie voor die verdomde eitikkers die naar de
boeren moesten. Ik heb die avond (eindelijk) degelijk leren boren en draad
tappen!

Christel, Petula, Ann en Wim, heel erg bedankt voor het regelen van de
bestellingen, de broodjes, de drankjes, de congresreizen, . . . en vooral de vele
flauwe zever tijdens de middagen in de koffiekamer. André, Ronny en Marcel,
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Samenvatting

Een Intelligent Systeem om de Productie en de Kwaliteit van

Consumptie-eieren te Optimaliseren Gebaseerd op Synergistische

Controle

Als gevolg van de groeiende wereldmarkt, met snel wijzigende nationale
en internationale wetten en normen, wijzigende consumenteneisen, ziektes
zoals de vogelgriep en de stijgende voederprijzen, worden de technische en
de economische aspecten van de productie van consumptie-eieren steeds
complexer. Bijgevolg neemt het belang van een goed management van het
hele productieproces van consumptie-eieren in sterke mate toe.

De ontwikkeling van managementondersteunende systemen is een belang-
rijke manier om het complexe beslissingsproces van de leghennenhouder te
ondersteunen en zo de productiviteit en de productkwaliteit te optimaliseren.
De regelmatige registratie van verschillende productieparameters vormt de
basis van zulke managementondersteunende systemen. Voor een efficiënt
beheer en interpretatie van de daardoor gecreëerde gegevensstromen, wordt
er meer en meer beroep gedaan op het gebruik van IT toepassingen. Door
het toenemende gebruik van deze benadering in de dierproductie heeft zich
een nieuwe discipline ontwikkeld: precisie dierproductie (Precision Livestock
Farming, PLF). PLF is een relatief nieuwe discipline die erop gericht is
de complexe en heterogone systemen van de dierproductie te verbeteren
door er ingenieurstechnologieën op toe te passen. In dit doctoraatswerk
wordt de ontwikkeling van algoritmes voor een snelle probleemdetectie -
een Intelligent Monitoring Systeem - in een precisie dierproductie context
voorgesteld. Meer bepaald wordt dit systeem ontwikkeld voor de productie
van consumptie-eieren.
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Alvorens de ontwikkeling van het eigenlijke IMS, wordt eerst de praktische
relevantie van twee nieuwe meetmethodes voor de bepaling van de eikwaliteit
onderzocht: de Akoestische Respons Techniek gebruikt voor het bepalen van
de intactheid en de sterkte (uitgedrukt als Dynamische Stijfheid) van de
eischaal, en VIS/NIR Transmissie Spectroscopie voor het bepalen van de
eischaalkleur (uitgedrukt als Transmissie Kleur Waarde). Door het belang
dat consumenten hechten aan de eischaalkleur, was dit kwaliteitsaspect
voornamelijk economisch belangrijk. In dit werk wordt aangetoond dat de
schaalkleur gerelateerd is aan de stress status en de gezondheid van de hennen.
Deze vaststelling maakt dat de schaalkleur een interessante parameter is
voor de opvolging van de gezondheid van het koppel. Op deze manier
wordt ook de link tussen de Transmissie Kleur Waarde en de Dynamische
Stijfheid duidelijk aangezien ongezonde kippen mogelijk minder sterke en
dus breuk gevoelige eieren leggen. Dit onderzoek wordt gevoerd omdat er
in de praktijk, in tegenstelling tot de meeste productieparameters die op
dagelijkse basis geregistreerd worden, slechts beperkt eikwaliteitsbepalingen
worden uitgevoerd.

Inclusief de twee nieuwe eikwaliteitsparameters, worden in totaal 10
productie en kwaliteitsparameters meegenomen in deze studie: dagelijkse
productie, gemiddeld eigewicht, voerverbruik, waterverbruik, kipgewicht,
dagelijkse uitval, percentage tweede keus eieren, staltemperatuur, dynamische
stijfheid en transmissie kleur waarde. Deze parameters worden opgevolgd voor
in totaal 14 koppels leghennen, waarvan 6 experimenteel en 8 commercieel.

De algoritmes die de basis vormen van het IMS omvatten een combinatie van
de concepten van Statistische Proces Controle en Engineering Proces Controle.
De gecombineerde toepassing van de concepten van beide disciplines ter
beheersing van een productieproces wordt Synergistische Controle genoemd.

Statistische Proces Controle is een collectie toepassingen die erop gericht
zijn om procesveranderingen als gevolg van probleemsituaties te detecteren.
Met andere woorden, Statistische Proces Controle tracht een onderscheid
te maken tussen de verwachte of normale procesvariatie en de onverwachte
of uitzonderlijke procesvariatie. Een veelgebruikte Statistische Proces
Controle toepassing die toelaat om de procesmonitoring en het optreden van
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proceswijzigen op grafische wijze te visualiseren zijn de controlekaarten. In
dit werk wordt de cumulatieve som (cumulative sum, cusum) controlekaart
gebruikt. Een cusum telt kleine afwijkingen van een bepaalde streefwaarde
bij elkaar op en signaleert wanneer deze cumulatieve som een bepaalde
vooropgestelde limiet overschrijdt. De cusum kan gebruikt worden voor het
detecteren van kleine proceswijzigenen (≤ 1.5σ). Het gebruik van de cusum
controlekaart is echter gebonden aan de volgende statistische voorwaarden:
de gegevens moeten stationair, onafhankelijk van elkaar en normaal verdeeld
zijn.

Het probleem is echter dat gegevens afkomstig van dierlijke productie-
processen (en biologische productieprocessen in het algemeen) zelden
stationair zijn en meestal autocorrelatie vertonen. Dit komt doordat de
meeste parameters van dierlijke productieprocessen onderhevig zijn aan
systematische variatie als gevolg van bijvoorbeeld de leeftijd van de dieren
of seizoensschommellingen. Zo vertonen de meeste parameters van het
eiproductieproces een trend in functie van de leeftijd van de hennen.
Het eigewicht neemt bijvoorbeeld toe met de duur van de legperiode (en
dus met de leeftijd van de hennen). Daarnaast zorgen zowel technische
als managementaspecten voor autocorrelatie in de data. Deze statistisch
onconventionele karakteristieken zorgen ervoor dat de cusum controlekaart
niet direct opgesteld kan worden voor de eiproductieparameters. Deze
problemen worden opgelost door de gegevens te onderwerpen aan een
voorbehandeling met hehulp van concepten uit de Engineering Proces
Controle.

Engineering Proces Controle verzamelt de concepten die zich richten op de
wiskundige modellering van (productie-) systemen. Die modellen kunnen
dan gebruikt worden voor de voorbehandeling van de gegevens van de
beschouwde parameter. Met andere woorden, Engineering Proces Controle
strategieën worden gebruikt om de procesgegevens voor te behandelen en
zo de variabiliteit in rekening te brengen die niet kan verwijderd worden
door Statistische Proces Controle. Na de voorbehandeling kan de cusum
controlekaart gebruikt worden.

De voorbehandeling van de gegevens over de eiproductie en eikwaliteit
bestaat uit een opeenvolgende toepassing van twee modellen, het eerste
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om het niet-stationaire gedrag en het tweede om de autocorrelatie
structuur te beschrijven. In de eerste stap wordt een niet-lineair
parametrisch model gebruikt dat de leeftijdsafhankelijke trend van de meeste
eiproductie procesparameters in functie van de henleeftijd beschrijft om deze
niet-stationaire trend te verwijderen. De residuele waardes van het verschil
tussen de geschatte trend en de gemeten waarde zijn vervolgens stationair. In
de tweede stap wordt de autocorrelatiestructuur van deze residu’s beschreven
met behulp van een ARMA (Auto-Regressive Moving Average) model. Na
verwijdering van de geschatte autocorrelatiestructuur, zijn de gecorrigeerde
residu’s stationair, onafhankelijk van elkaar en normaal verdeeld. Bijgevolg
kunnen ze gebruikt worden om een cusum controlekaart te construeren voor
de monitoring van de parameters.

Aangezien het het de bedoeling is om het proces dagelijks op te volgen
om zo problemen te detecteren, is het noodzakelijk dat enkel observaties die
binnen de verwachte variatie vallen (in-controle observaties) gebruikt worden
voor de opeenvolgende modelontwikkeling. Voor elke nieuwe observatie moet
er dus gecontroleerd worden of ze al dan niet in-controle is. Om deze
”online” benadering te bewerkstelligen, worden de berekeningen van beide
concepten (Engineering Proces Controle en Statistische Proces Controle)
gecombineerd. Wanneer er een nieuwe meting wordt geregistreerd, worden
eerst de observaties die tot dan verzameld werden, voorbehandeld met de
dubbele modelleringsalgoritmes. Vervolgens wordt er een cusum controlekaart
geconstrueerd van de (gecorrigeerde) residu’s om na te gaan of de laatste
meting in-controle of uit-controle is. In het laatste geval genereert de
controlekaart een alarm zodat de leghennenhouder weet dat er zich een
probleem voordoet en wordt deze observatie uitgesloten van alle verdere
berekeningen.

Gebruik makend van deze synergistische controle-algoritmes en de resulterende
controlekaarten, wordt een prototype van een softwarepakket voor het IMS,
genaamd AVES, ontwikkeld. Dit prototype wordt in twee uitgebreide case
studies toegepast op de gegevens van twee commerciële koppels leghennen.

De belangrijkste conclusies van dit werk zijn (1) dat de Akoestische Resonantie
Techniek (schaalsterkte) en de Transmissie Spectroscopie (schaalkleur
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als gezondheidsindicator) interessante technieken zijn waarmee praktisch
relevante eikwaliteitsmetingen bepaald kunnen worden; (2) dat de statistisch
onconventionele karakteristieken (niet-stationairiteit en autocorrelatie) van
gegevens afkomstig van biologische productieprocessen verwerkt kunnen
worden met benadering van de dubbele modellering; (3) dat de resulterende
synergistische procedure voor de ontwikkeling van controlekaarten de basis
kan vormen voor een IMS hetgeen een uiterst nuttige toepassing is
voor de ondersteuning van het management van het productieproces van
consumptie-eieren; (4) dat de toepassing van zulk een IMS als voorwaarde
heeft dat de gegevens verzameld worden volgens de concepten van de ’Good
Monitoring Practises’ hetgeen neerkomt op een dagelijkse en consequente
verzameling en evaluatie van de gegevens; en (5) dat Good Monitoring
Practices en dagelijkse evaluatie effectief kunnen bijdragen tot de optimalisatie
van de productie en de kwaliteit van consumptie-eieren.
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Summary

As a result of issues such as market globalization, with quickly changing
national and international legislation and standards, consumer’s demands,
Avian Influenza and increasing feed prices, the technical and economical
aspects of the production of consumption eggs have become and are still
becoming more complex. As a result the management of this production
process has become considerably more important.

The development of management support systems can therefore support
the complex decision making process of a layer farm manager and improve
productivity and product quality. Such management support systems
typically register several production parameters on a regular basis. In order
to manage and interpret the thereby generated data flows in an efficient way,
the use of IT products has increased and has given rise to a new discipline
called Precision livestock farming. Precision Livestock Farming is a relatively
new discipline to improve livestock production by means of applying process
engineering technologies to the complex, heterogeneous systems of animal
production. This work presents the design of algorithms for the early detection
of problems - an Intelligent Monitoring System (IMS) - in a precision livestock
farming context, the production of consumption eggs.

Before the actual IMS is developed, the practical relevance of two novel
methods for defining egg quality is investigated: the Acoustic Resonance
Technique to assess egg shell integrity and egg shell strength expressed as the
Dynamic Stiffness, and VIS/NIR Transmission Spectroscopy to assess shell
colour and quantified by the Transmission Colour Value. As a result of the
importance of shell colour for consumers, this egg quality aspect has mainly
been of economical importance. In this work it is shown that shell colour is
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related to the stress and health status of the laying hens. This observation
makes it an interesting parameter for monitoring flock health and it provides
the link between the Transmission Colour Value and the Dynamic Stiffness,
as less healthy hens possibly produce less strong eggs which are more sensitive
to breakage. This investigation is performed because, in contrast to most of
the production parameters which are registered daily, not many egg quality
assessments are performed on a regular basis in current practice.

Including the two novel egg quality measures, in total 10 egg production
and quality process parameters are discussed: hen-day egg production,
average egg weight, feed consumption, water consumption, hen body weight,
daily mortality, percentage second grade eggs, ambient temperature, dynamic
stiffness and transmission colour value . These parameters were recorded for
in total 14 - 6 experimental and 8 commercial - flocks of laying hens.

The presented algorithms that form the basis of the IMS consist of a
combination of the concepts of Statistical Process Control and Engineering
Process Control. The combined application of these concepts for controlling
a production process is called Synergistic Control.

Statistical Process Control is a collection of tools which aim at detecting
the occurrence of process shifts as a result of special causes. In other words,
Statistical Process Control aims at discerning between normal or common
cause process variation and abnormal or special cause variation. An Statistical
Process Control tool which enables to graphically visualize and detect the
occurrence of process shifts are quality control charts. In this work the
cumulative sum (cusum) chart is used. A cusum chart accumulates deviations
from a certain target value and signals when this cumulative sum crosses
a predefined limit. The cusum is useful for detecting small process shifts
(≤ 1.5σ). The use of the cusum chart for a shift in a normal mean is
bounded to the following statistical assumptions: data have to be stationary,
independent from each other and normally distributed.

Data originating from livestock production processes (and biological
production processes in general) are typically seldomly stationary and hence
have no fixed target value, and they mostly display autocorrelation between
successive observations. This is a result of the fact that many process
parameters of livestock production processes are subjected to systematic
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variation caused by for instance the age of the animals or seasonal fluctuations.
In case of egg production, most process parameters display a trend in function
the age of the hens, e.g. the average egg weight increases during the laying
period. Furthermore, both management related features and technical aspects
of devices to register for instance feed or water consumption, introduce
autocorrelation in the data. These statistical unconventionalities complicate
the direct application and use of the cusum control chart for monitoring the
egg production process parameters. The mentioned data issues are handled
by means of pretreating the data using the concepts of Engineering Process
Control.

Essentially, Engineering Process Control is the whole of activities that focus
on the mathematical modelling of (production) systems. Such models can
be used to perform a ”pretreatment” of the data of the considered process
parameter. In other words, Engineering Process Control strategies are used
to pretreat the process data to account for sources of variability which cannot
be removed by Statistical Process Control. After the pretreatment, the cusum
chart can be used.

The pretreatment of the egg production and quality parameters consists
of the application of a sequence of models, the first for handling the
non-stationarity issue and the second for handling the dependency issue. In
the first step, non-linear parametric models that describe the trend of most
process parameters in function of the age of the hens are used to remove
this (non-stationary) trend. The residual values of the difference between
the estimated trend and the measured observations are then stationary.
The second step consists of describing the autocorrelation structure in the
residuals by means of ARMA (Auto-Regressive Moving Average) models.
After subtraction of the estimated autocorrelation structure, the resulting
corrected residuals are stationary, independent and normally distributed.
Consequently, they can be introduced into the classical cusum control scheme
for development of a cusum control chart.

Wanting to perform monitoring for problem detection, it is necessary
only to include the observations that follow the expected variation (in-contol
observations) in the sequence of models procedure. So, as each new
observation becomes available it has to be checked whether or not it is
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in-control. To achieve this ”online” development of the control chart, the
calculations of both concepts (Engineering Process Control and Statistical
Process Control) are combined. When a new observation becomes available,
first the series of observations so far are pretreated with the sequence of models
approach, next the cusum scheme of the (corrected) residuals is calculated
and then this scheme is used to check whether the last observation was in or
out-of-control. In the latter case, an alarm is generated by the cusum control
chart, informing the layer farm manager of a problem, and the observation is
excluded from all further calculations.

Based on the synergistic control algorithms and the resulting cusum control
charts, a prototype for a software tool of an Intelligent Monitoring System,
named AVES, is built. Using this prototype, two extensive case studies are
performed on the data originating from two commercial flocks of laying hens.

The main conclusions of this work are (1) that the Acoustic Resonant
Technique (shell strength) and Transmission Spectroscopy (shell colour
as health indicator) are interesting techniques which provide practical
relevant egg quality measures; (2) that the sequence of models approach
is able to handle the statistical unconventionalities (non-stationarity and
autocorrelation) of data originating from biological production processes; (3)
that the resulting synergistic control procedure for development of control
charts can form the basis of an IMS which is a very useful tool for
management support of the production process of consumption eggs; (4) that
the application of such an IMS requires Good Monitoring Practices which
comprises daily consequent data collection and evaluation; and (5) that Good
Monitoring Practices and daily evaluation can contribute effectively to the
optimization of the production and the quality of consumption eggs.
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Abbreviations

ACF : AutoCorrelation Function
AET : Acoustic Egg Tester
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IMS : Intelligent Monitoring System
KD : Dynamical Stiffness
KS : Static Stiffness
LCL : Lower Control Limit
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Chapter 1

General Introduction

If we want a prosperous future, we will have to design
a future for a sustainable agriculture.

Dirk Barrez

1.1 General background

Against the background of an increasingly global market, with changing
national and European legislation and standards, changing consumer’s
demands, increased ethical and environmental awareness, agricultural
production in general and livestock production in particular have been placed
in front of the challenge of achieving a sustainable way of producing food
(Groot Koerkamp et al., 2007). A sustainable production system is focused
on the balance between the Economical (income), Ecological (environment)
and Social (animal and farmer welfare) aspects. The complexity in achieving a
sustainable production was stated as follows by Groot Koerkamp et al. (2007):
”In many cases the requirements regarding sustainable production are clear,
measurable and goal related, e.g. emissions to the environment, but can also
be unclear, emotional and not uniquely measurable, e.g. welfare of animals.”

Focussing on the production of consumption eggs in the EU, especially
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the latter mentioned aspect of sustainability, the welfare issue of the animals,
has initiated radical changes in the layer sector. Increased welfare related
preferences of EU consumers have lead to an increased legislative attention
for poultry welfare. According to McInerney (2004) and van Horne and
Achterbosch (2008), animal welfare legislation is generally more extended with
increased income levels. The increased welfare attention in the EU has lead to
a Council Directive (1999/74/EC) banning all conventional cages by 2012 and
obligating to replace them by welfare friendly housing systems. The official
EFSA report on the welfare aspects of various systems (EFSA, 2005) provides
the systems which are accepted in this category: furnished cages, aviaries and
floor housing. Furnished cages, in group sizes from about 10 to 40 hens,
can be considered as larger conventional cages with additional equipment
- perches, nest boxes, litter area and extra hight - to enable the hens to
perform their natural behaviour. Aviaries and floor housing are generally
categorized as ”alternative” housing systems. These systems can be operated
from inside meaning that the layer farmer can enter them. They provide the
birds with nest boxes and litter as well as perforated platforms and often also
elevated perches. These alternative systems can come with or without covered
(wintergarten) or uncovered outdoor areas.

Despite the politically driven changeover for achieving higher welfare, van
Horne (2006) stated that layer cages were still the most economic means of
producing eggs. Hulzenbosch (2006) added that cages are still the best system
to prevent diseases. Nevertheless, the promulgation of the EU Directive
has forced developers of housing systems and layer lines to change their
direction. This transition takes time and to date there is still a large need
for improvement of these systems and for evaluating the actual welfare of the
hens (Mertens et al., 2009). Especially, proof of repeatable positive (technical)
results for a certain genotype-rearing-housing combination on a long term
basis is needed (Tauson, 2005). This statement was confirmed by a recent
comparative study on housing systems performed by Van Der Zijpp et al.
(2006) who showed a high variation in mortality rates and performance of hens
in alternative housing, and by a welfare study on the alternative production
systems by Blokhuis et al. (2007) that provided some contradictory results.

An aspect which is often overlooked in animal welfare discussions, is the
socio-economic impact for the livestock managers. A recent study in Flanders
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by Claeys et al. (2007) compared available literature and investigated the
socio-technical and the socio-economic consequences of the different welfare
friendly housing systems. They concluded that at the moment of their
study, the furnished cages had better socio-economic results. Furnished
cages showed good predictability of technical results, management and labour
organisation were flexible and labour conditions - ammonia concentration,
dust concentration and ergonomic load - were good. As a result these
furnished cages proved to have a higher rendability mainly due to lower
labour and feed costs. In the ”alternative” systems, floor eggs, cannibalism
and reduced hygiene complicate the management under less favourable labour
conditions.

It is clear that the conversion to welfare friendly housing systems will
have an effect on the egg trade. Due to the ban on battery cages, production
numbers of eggs will decrease resulting in a deficit of eggs and hence the EU
will be forced to import. Although table eggs are mainly traded regionally
within Europe - only 1.8 % of eggs reached the world market in 2006 - the
production of egg products, in particular egg powder, is expected to experience
a shift to low cost countries from which they will be exported to the food
industries in developed countries (Windhorst, 2006). The study of van Horne
and Achterbosch (2008) suggested two options to maintain acceptable trade
positions and to guarantee economic livability of the poultry sector. The
first is the promotion of quality labels providing customers and/or consumers
with more information on the standard of production. The second is the
use of financial mechanisms like taxes and tariffs based on animal welfare
performance to prevent imports from lower standard countries.

In addition, the poultry sector is also confronted with sector specific issues
like Avian Influenza (AI) and with more general problems like increasing feed
prices. The large outbreak of the H5N1 AI in 2004 has brought considerable
financial problems and economical damage as it influenced both production
and consumption (Windhorst, 2006). Despite the application of severe control
measures, especially in Western countries, the menace of an outbreak remains
very imminent and actual outbreaks in Western countries were reported in
every subsequent year (Capua, 2006; Alexander and Capua, 2008). The
increased interest for alternative energy sources will probably become another
problem. At the moment the phenomenon of bio-energy plants taking arable
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land at the expense of feed crops is not yet a threat to the egg industry, but
the possible climate change will most likely lead to a fast expansion of the
bio-energy industry in the coming decades resulting in considerable increased
feed costs (Windhorst, 2007).

From the preceding, it is clear that both the technical and economical aspects
of the layer production unit have become and are still becoming more complex.
As a result the management of the whole production process has become
considerably more important.

1.2 Management of egg production

Farm management can be defined as the decision-making process in which
it is aimed for to properly use resources in production systems in order to
attain maximum profitability (Kay, 1986; Huirne, 1990b). The management
of the layer farmer comprises of his skill, experience and assessment capability
to overview and interpret the egg production process and take decisions to
achieve an optimal ratio between the production value and production costs.
It is a difficult and complex task because it takes place in a risky and uncertain
environment (Lokhorst et al., 1996).

In the daily production process of consumption eggs the layer farm
manager aims at generating a long-term profitability. To achieve this goal he
provides the hens with an optimal welfare friendly treatment so the animals
efficiently produce as many eggs as possible with a desired quality which
is meeting the customer’s and/or consumer’s demands (Frost et al., 1997;
Lokhorst et al., 1996). This quality is the result of an interaction between
both animal dependent and external factors influencing the functioning of
the laying hen as an egg producing domestic animal. Performances of the
aforementioned process largely depend on the skill, experience and assessment
capability of the stockman to overview and interpret the daily variation in the
parameters of this process.

Obviously, when asked, the timely signalling of undesired performance
changes is considered important by all farmers to keep results within a
desired predefined range and reduce economic loss (Huirne, 1990a). This
essentially requires the continuous monitoring of animal health, welfare and
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production performance. But the complication of livestock production has
lead to a considerable reduction of the time available for observation of
and interaction with the hens by the farm manager (Frost et al., 1997).
Lokhorst (1996) and Lokhorst and Lamaker (1996) already launched the idea
of evaluating production results of laying hens in aviary on a daily basis.
Nevertheless, current management practice mainly evaluates the performance
of a flock of laying hens on a weekly basis. Process monitoring on this basis
makes it difficult to quickly detect quality decreases which results in a time
gap between the process shift and the production and/or quality decrease
observation. With the small margins in the egg production sector, the farmer’s
income is very susceptible to inferior technical results and product quality
(Renkema, 1992). Ziggers and Bots (1989) indicated that management shows
a negative relation with financial results and complex decision situations.
They concluded that profitability could be increased using a management
support system to improve the quality of decisions. Such management support
systems typically register several production parameters on a regular basis. In
order to manage and interpret the thereby generated data flows in an efficient
way, the use of IT products to support livestock management has increased
(Banhazi et al., 2007) and has given rise to a new discipline called Precision
Livestock Farming.

1.3 PLF in egg production

Precision livestock farming (PLF) is a relatively new discipline to improve
livestock production by means of applying process engineering technologies
to the complex, heterogeneous (technological) systems of animal production
(Wathes et al., 2008). PLF activities first of all focus on development of
new sensors to measure both input and output factors of animal production
systems more accurately, continuously and automatically. Frost et al. (1997)
mention for instance electronic identification devices (dairy, pigs), devices to
define animal weight (broilers, pigs), sensors for analysis of animal behaviour
as an indicator for the physiological state of an animal (e.g. oestrus detection
in dairy) or sensors to measure physiological factors like heart rate, body
temperate and respiration. Also sensors for controlling environmental factors
(e.g. temperature and relative humidity), for defining body composition
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of meat animals, for odour detection (electronic noses) and for acoustic
monitoring (e.g. vocalisation of hens).

The use of such sensors in livestock production provides ample detailed
information to the stockman giving him more insight in the process of animal
production (Frost et al., 1997). Yet, in current livestock production practice
there is rather limited use of this information for improving management.
Therefore, PLF secondly focusses on understanding the production system
and providing this information to the stockman. Integrated systems managing
both the biological and the physical processes of livestock production are
necessary to fully exploit available data (Wathes et al., 2008). Many
publications on PLF proposed the development of a model predictive
controller which dynamically changes process inputs (e.g. feed amount or
composition, temperature, lighting) to achieve a certain level of the process
output (e.g. pig weight, broiler weight, milk production) (Belyavin, 1988;
Frost et al., 1997; Aerts et al., 2003; Stacey et al., 2004; André et al., 2007;
Parsons et al., 2007).

From published work, it is clear that application of PLF has the
potential to improve sustainability of animal production, e.g. improved
product quality and profitability, but also improved animal welfare through
for instance early disease detection. A successful example of a PLF
application reaching the commercial level is the Automated Milking System
for dairy cows. Nevertheless, citing Wathes et al. (2008), at this point
”PLF is still an embryonic technology with great potential to transform
intensive livestock production...”. The latter authors provide a review
on developments, possibilities and perspectives of PLF. They concluded
their work by summing the hurdles to overcome: technology development,
meaningful livestock farming applications, development of sound marketing
strategies and bioethical aspects.

PLF has already made contributions to layer management. Some
management support systems were developed, using the available collected
process information. Techniques and devices have been developed to define
many of the production parameters (e.g. ambient temperature, relative
humidity, feed consumption, water consumption) on a regular basis and record
them automatically on computers (Belyavin, 1988; Frost et al., 1997). Yet,
methods for the accurate assessment of different egg quality aspects were
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1.3 PLF in egg production

only introduced recently. Another important aspect of PLF is the integration
of modelling practices into livestock management. The use of (simulation)
models contributes to a better understanding of biological mechanisms behind
the production process. New quality measurements, modelling and available
process monitoring systems for egg production, are discussed in the following
paragraphs.

1.3.1 Advances in egg quality measurement

Defining ”egg quality”. In the framework of this work, the term egg quality
refers to physico-chemical properties of the egg: egg weight, shell quality and
internal quality. To date, the egg weight is economically the most important
and the most commonly measured quality parameter (Olivier, 1992).

The shell quality comprises the shell strength, the shell colour and shell
cleanliness. As the eggshell is the natural packaging material for the egg
contents, it is of great importance to obtain high shell strength in order to
resist all loads an egg is subjected to during the production chain (Bain,
1990). Broken eggs cause economic damage in two ways: they cannot be sold
as first quality eggs, and occurrence of hair cracks raises the risk for bacterial
contamination of the cracked egg itself and of other eggs when leaking. This
is a menace for the external quality, internal quality and even food safety.

The eggshell colour mainly has an important influence on consumer
preferences, thereby making the colour of the eggshell an important economic
quality parameter (Wei and Bitgood, 1989). As such the eggshell colour is
part of the appearance of the eggs. First of all, the consumer wants a visually
clean egg, free of dirt or blood stains, and secondly the pigmentation providing
the shell colour has to be homogeneously deposited.

The internal quality mentioned here is mainly related to the quality of
the albumen. Albumen quality is a prime freshness indicator. The less
thick albumen, the less fresh the egg. Furthermore, it is important that no
inclusions such as blood or meat spots are present in the albumen.

In contrast to most of the production parameters which are registered daily,
not many egg quality assessments are performed on a regular basis in current
practice. The reason for this is that many existing egg quality measurement
techniques are destructive, slow and hence time consuming, often inaccurate
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1 General Introduction

and can be affected by human subjectivity. Furthermore most of these
methods can only be applied on a small sample of a batch of eggs.

There is a need to evaluate the quality of each egg. With an increasing
throughput of modern egg sorting machines grading up to 180 000 eggs per
hour, new technologies should be fast, completely automated and reliable
for accuracy and objectivity. Furthermore, such new quality measurements
cannot only be applied to grade eggs for enhanced safety and quality assurance
towards the consumers, but the quality information can also be used as
feedback to the producer providing him valuable information on the quality
of the output of the egg production process and hence on the health status of
his layer flock (De Ketelaere et al., 2004).

The work of De Ketelaere et al. (2004) and Mertens et al. (2009) provide
reviews on the different techniques which were recently developed to assess
different egg quality aspects. Table 1.1 provides an overview of the different
new techniques. Two of the most interesting techniques are the Acoustic
Resonance Technique (ART) to assess egg shell integrity and egg shell strength
introduced by Coucke (1998), and VIS/NIR spectroscopy for integrated egg
quality information presented by Kemps (2006) and Kemps et al. (2007).
These two techniques are used extensively in this work and are discussed in
detail in chapter 2.

1.3.2 Modelling in egg production

Several researchers have performed different types of modelling on the egg
production process. Development of (simulation) models provides a greater
understanding of the underlying principles of production (Gous and Fisher,
2008). The integration of such models into egg production systems fits in the
framework of PLF.

Much attention has gone to predict responses of poultry to nutrients
(amongst others Fisher and Morris (1970), Fisher et al. (1973) and Gous et al.
(1987)). These mainly mechanistic models have mostly dealt with simulating
the response of a single bird. To model population performances, variation
between individuals and over time within individuals has to considered
(Gous and Fisher, 2008). In more recent publications by Johnston and
Gous (2003, 2006, 2007a,b) and Gous and Berhe (2006), these population
characteristics have been investigated and have been taken into account
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1.3 PLF in egg production

Table 1.1. Review of new interesting measurement techniques for defining
different egg quality aspects.

Technique Quality Trait References

Acoustic Resonance
(Vibration Analysis)

shell integrity
shell strength
loose air cells

Coucke (1998)
Coucke et al. (1999)
De Ketelaere et al. (2002)
De Ketelaere et al. (2000)
Wang et al. (2004)
Wang and Jiang (2005)

VIS/(N)NIR
Spectroscopy

albumen quality
(egg freshness)

Kemps et al. (2006)
Kemps (2006)
Schmilovitch et al. (2002)

UV/VIS
Spectroscopy

albumen quality Liu et al. (2007)

FT-NIR
Spectroscopy

albumen quality Giunchi et al. (2008)

H-NMR
Spectroscopy

albumen quality Capozzi et al. (1999)
Schwägele et al. (2001)

Front-Face Fluorescence
Spectroscopy

shell colour
albumen quality

Karoui et al. (2006a,b)
Karoui et al. (2006)
Karoui et al. (2007, 2008)

Di-Electric Properties albumen quality Williams et al. (1997)
Ragni et al. (2006, 2007)

Camera Vision dirt detection
detection shell

defects

Patel et al. (1998)
Mertens et al. (2005)
Pourreza et al. (2008)

Electric Nose albumen quality
fishy taint

Dutta et al. (2003)

Negative pressure
(vacuum)

shell integrity Lawrence et al. (2008)

Grading robot
(acoustic, vision
& spectroscopy)

shell integrity
dirt detection
albumen quality

Wang et al. (2008)
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1 General Introduction

to redefine and/or adjust simulation models for egg production. Although
progress was made, the performance of these models still depends on the
interindividual variability, age dependent characteristics and genetic line
(Gous and Fisher, 2008).

A second type of mathematical models describes the relationship between
a certain production or quality parameter and the time point of the laying
period (the productive period) and hence with the age of the hens. These
empirical models tried to describe the course of the egg production (Adams
and Bell, 1980; McMillan, 1981; McMillan et al., 1986; Yang et al., 1989; Cason
and Britton, 1988; Lokhorst, 1996). The mathematical model to describe the
course of the average egg weight was presented by Adams and Bell (1980)
and Minvielle et al. (1994). Adams and Bell (1980), Sugimoto et al. (1986)
and van Horne et al. (1991) presented appropriate models for the percentage
of second grade eggs in a laying period. In the work by Lokhorst (1996),
mathematical expressions to describe the trend of feed consumption, water
consumption, hen body weight, percentage floor eggs, flock uniformity and
cumulative mortality were presented.

These models can be of interest for monitoring purposes, as is shown in
this work. The monitoring system that is presented in this work is based on
the use of such trend describing models for detection of process aberrations.
Therefore, an elaborate presentation and discussion on the different models
used for egg production, average egg weight, feed consumption, water
consumption, hen body weight, percentage second grade eggs and two novel
egg quality measures, is presented in chapter 5 (section 5.3).

1.3.3 State-of-the-art egg production process monitoring

The egg production process could be described as follows: a certain line of
laying hens are housed in a particular housing system, fed an optimal feed and
water and kept in good health (input) so they can produce a maximal amount
of good quality eggs (output). Some methods and approaches for monitoring
the egg production process have been proposed.

Breeding and feeding companies develop standards (e.g. for hen-day egg
production performance, for evolution of average egg weight, for evolution
of average hen weight,. . .), based on their own experience in field tests.
Unfortunately, these standards usually only consist of weekly data on a
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1.3 PLF in egg production

limited number of variables (Lokhorst, 1996). Schmisseur and Pankratz (1989)
developed an elaborate expert system for complete layer management based
on the weekly monitoring of the process parameters. However, the laying
process implies a wide range of continuous variables and parameters which
are subject to daily variation and hence it requires continuous monitoring
(Frost et al., 1997). Lokhorst (1996) presented an expert system for managing
laying hens in an aviary system on a daily basis. The general idea was to detect
process shifts by comparing the actual observations of a production parameter
with a standard. The standards they used were the standard of the breeding
company or flock-specific curves based on parametric models and two moving
average models (MA3 and MA7). While the breeding company standard
proved to be rather unusable, both modelling approaches were better. Only
the moving average models were developed in an online way (as each new
observation became available), while the parametric models were fit post-hoc
after all data were collected. The online strategy was the best procedure for
detection purposes, but these authors indicated that the use of moving average
models is less sensitive because they incorporate gradual process changes.
Roush et al. (1992) used a Kalman filter to detect significant changes in feed
consumption of laying hens. When this technique is used for detection, the
algorithm of the Kalman filter becomes similar to a moving average (Brockwell
and Davis, 1991) giving the same problem mentioned before.

Many commercial software packages are offered to ”analyse” the registered
data for each egg production parameter. The analysis referred to, is often
merely a graphical representation of the recorded data or at most a comparison
with the standard of the breeding or feeding company. In such systems, the
poultry manager has to observe and interpret patterns and trends in the data.
Yet, fluctuations (noise) as a result of biological variability might ”obscure”
the data series which makes it very hard to notice problems and action might
be taken too late.

With few management support systems available, it is clear that there is
a need for research and innovation for the development of new approaches
to control the production process of eggs. Two interesting and promising
techniques to achieve control in livestock production processes are discussed
in the next section.
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1.4 Process Control

In general the need for monitoring and controlling livestock performance is
present, yet few farmers know how to do it in an effective way (Dohoo,
1993; Polson et al., 1999). With the regular registration of most data on
the input side and some on the output side, and with the availability of extra
quality data on the output side, ample production process data are available.
Despite these large amounts of data, statistical data analysis of layer data, and
livestock data in general, is seldom done, leaving doubt on the interpretation
of data (Noordhuizen et al., 1992; Thysen, 1993). Deming (1986) stated that
the main problem in the management of production processes is the lack
of understanding the information captured in the variation of the process.
The regular recording of process data creates the opportunity to apply the
concepts of Statistical Process Control (Deming (1986) suggested SPC is
fit to support the comprehension of the information in the variation) and
Engineering Process Control to these data in order to support the layer farm
manager in his daily task. This idea was also acknowledged by Fernandez
(1995) and Polson (1998). In this work both process controlling strategies
are combined for application to the egg production process. In the following,
their basic principles are explained.

1.4.1 Statistical Process Control

Based on Devor et al. (1992), del Castillo (2002) and Montgomery (2005).

Products that have to meet a certain quality level, should be produced by
a stable and repeatable process meaning that little variability should be
present in the considered quality characteristic of the product. The variability
phenomenon is innate to every single production process and, regardless of
the process design or maintenance, it is unavoidable. This natural or common
cause process variability can be considered as the cumulative effect of different
small, unavoidable causes which influence the performance of the process. A
production system in which only this common cause variation is present, is
said to be statistically in-control. For example, a healthy flock of laying hens
in a certain week of the laying period produces about the same percentage of
eggs every day (given the eggs are collected at the same time, see chapter 6).
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1.4 Process Control

Occasionally other kinds of variability, not normal within the considered
process, may be present in the output of the process as a result of machine
error, operator error or defective input material . . . In this case of special
cause variation the quality of the products no longer meets the formulated
requirements. When such special causes occur and give rise to an altered
process performance (process shift) resulting in inferior product quality, the
process is said to be statistically out-of-control. For example, when the layer
feed is spoiled by fungal growth the hens eat less or get sick and as a result
the egg production drops.

Essentially, Statistical Process Control (SPC) is a collection of tools which
aim at detecting the occurrence of process shifts as a result of special causes.
A SPC tool which enables to visualize and detect the occurrence of process
shifts are quality control charts. Basically, a control chart is a graph of a
measured process parameter or quality characteristic against the measurement
time point. In control charts, limits are formulated for the considered process
or quality parameter based on the natural process variability, the common
cause variation. When the process is in control nearly all measurements will
fall in the range of the control limits. Any problem which causes unexpected
process variation, the special cause variation, gives rise to the control chart
crossing its limits. At that moment, investigation and possible corrective
measures have to be performed in order to find and correct for the special
cause. Figure 1.1 provides a simple example of a basic control chart.

From a statistical point of view, control charts are closely related to hypothesis
testing. For example, in a control chart for the sample mean x̄ with a known
target value µ0, the chart tests the probability of a new observation x̄ coming
from the process with mean equal to the target value µ0. If this holds,
in other words when the null-hypothesis cannot be rejected, the process is
in-control. If a new observation x̄ crosses the control limits, the conclusion
is that the process is out-of-control and that the null-hypothesis has to be
rejected meaning that the process mean has shifted to another value µ1 6= µ0.
As the signalling capability of SPC control charts is based on probability
calculations, signalling errors can be made. A Type I error - false alarm or
false positive - occurs when the chart produces a signal without a change of the
process. A Type II error - false negative - is made when the chart generates
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Figure 1.1. Example of a typical control chart. M = process mean; UCL =
Upper Control Limit = M + 3σ; LCL = Lower Control Limit = M −3σ. Figure
based on data from Montgomery (2005) p. 200.

no signal in spite of a process change. The rates of these errors depend on
the setting of the control limits.

The first and probably the most known control chart was introduced by
Walter Shewhart (Shewhart, 1931). The Shewhart control chart is typically
used to detect large shifts (> 3σ) in processes. Shewhart charts have
been developed for all well known probability distributions. For normally
distributed data there are X-charts for individual readings and Xbar-charts
for the sample means. Furthermore charts for measures of data dispersion
of normal data exist, like the R-charts for the range, the MR-charts for
the moving range, the S-charts for the sample standard deviation and the
S2-charts for the sample variance. For binomial distributed data there
are P -charts for fraction nonconforming and NP -charts for nonconformities,
and for Poisson data there are U -charts and C-charts. As an alternative
approach for the Shewhart charts, Quesenberry introduced the Q-charts for
most statistical measures and probability distributions (Quesenberry, 1991,
1995, 1997).

Shewhart charts have no ’memory’, meaning that they only use
the information of the current measurement. Although they are often
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1.4 Process Control

supplemented with ’run rules’, they have been proved to be less sensitive
for smaller shifts (< 1.5σ). Other types of control charts have been designed
to detect such smaller shifts (< 1.5σ). These control charts make use of the
information in the previous measurements. The cumulative sum (cusum)
chart introduced by Page (1954) and the exponentially weighted moving
average (EWMA) chart introduced by Roberts (1959) are typical ’memorizing’
control charts which have a better performance on the detection of small shifts
which typically occur in biological processes. These charts were also developed
for all well known probability distributions.

The EWMA and the cusum chart have comparable performance results
on detecting small shifts. The cusum chart is usually a bit faster in detecting
step changes. The EWMA is less fit for estimation after the step change has
occurred. Besides, the cusum control scheme has the possibility to return to
zero. The EWMA chart gives an immediate estimate of the current process
mean, while in case of the cusum this needs some calculation. (Hawkins and
Olwell, 1998; de Vargas et al., 2004; Montgomery, 2005). Making a choice
between these two charts depends on the process for which control charts
have to be designed.

In this work, the cusum control chart is used. This choice was made based
on the higher detection speed and the capability of quickly returning to zero
- albeit set to zero by the manager - when the process restabilised. This
feature was particularly interesting in the framework of this work since the
aimed monitoring system should be able to quickly return in-control without
having to restart the complete system. In such case the EWMA chart needs
more time to provide an estimation of the weighted moving average. The
detailed description of the cusum control chart is presented in chapter 4.

Multivariate SPC

Besides univariate control charts, which control the measurements of a single
process parameter, in many production processes it could be interesting or
even necessary to monitor two or more related parameters simultaneously.
Due to the correlation between the parameters, only using univariate control
charts independently from each other might be very misleading. To illustrate
this, figure 1.2 represents readings of two process parameters both in their
respective univariate x̄ control chart. The two parameters are assumed to
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Figure 1.2. Illustration of the importance for multivariate monitoring of related
process parameters.

be independently normally distributed. The process is in-control when both
parameters fall within the control limits. On both univariate control charts
there seems to be no problem, yet when we look at the joint control region
for monitoring the parameters simultaneously, we note one point with a clear
deviating behaviour.

The most known multivariate control chart is the Hotelling T 2 chart for
monitoring the mean vector of a process. The Hotelling T 2 statistic is a
measure for the statistical distance between a multivariate point, a vector with
observations from each monitored process parameter and the multivariate
mean vector (Mason and Young, 2002). The Hotelling T 2 control chart
is a Shewhart like chart which is based on testing the hypothesis that a
mean measurements vector of multivariate normal data is equal to the target
vector of the process mean against the alternative hypothesis that this mean
measurements vector is different from the target vector.

As the Hotelling T 2 is a Shewhart like chart, it has no ’memory’ and as a
result it is relatively insensitive to smaller shifts of the mean vector. Similarly
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to the univariate case, control charts have been developed for detection of
smaller shifts. Besides the multivariate EWMA (MEWMA) and multivariate
cusum control charts, which are extensions from their univariate cases, control
charts based on latent variables methods, namely Principal Components
Analysis (PCA) and Partial Least Squares (PLS) regression, were developed.
The latter methods are useful when a large number of parameters has to be
monitored (Lowry and Montgomery, 1995; Bersimis et al., 2007).

Although in this work cusum charts are used for the univariate case,
they are not constructed for the multivariate case. The analysis of the
proposed multivariate cusum schemes has been based on simulations and
as a result few performance quantifications and design recommendations are
available (Montgomery, 2005). Furthermore, the MEWMA chart displays the
same practical drawback as the univariate EWMA, namely that it is slow in
returning to an in-control status after the process restabilised. As a result,
the multivariate control chart developed for the egg production process in this
work, is based on a Hotelling’s T 2 chart.

SPC in livestock production

In industrial production (automotive, chemical,. . .), the concepts of SPC
already exist as a part of quality assurance programs for many years. However,
the use of this methodology in agricultural production and more specific
livestock production is rarely seen. Two main reasons could be mentioned
to explain this. First, it might be the result of the lack of training in
statistics of livestock production managers or simply that they are not aware
of SPC (de Vries, 2001). The second explanation, and the probably most
important obstacle, are the statistically unconventional characteristics of data
originating from biological production processes. Biological data are typically
seldom stationary and hence have no fixed target value, and they mostly
display autocorrelation between successive observations. This aspect was
already mentioned by Sard (1979) and is a result of the fact that many
parameters of livestock production processes are subjected to systematic
variation caused by for instance the age of the animals or seasonal fluctuations.
Sard (1979) suggested that data series should be filtered for removal of
such variation. Furthermore, in many cases biological data series contain
missing values as a result of, for instance, technical failure or (deliberate
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or unintentional) managerial error. Of course, management of a livestock
production process is quite different from industrial production. These
specific unconventionalities of biological production data complicate the direct
application and use of classical control charts. Nevertheless, the interest has
grown considerably in the last years. Similar to the approach of de Vries
(2001), table 1.2 provides a review of available references on the application
of control charts to livestock production.

Almost all publications in this review table were based on experimental
data. de Vries and Conlin (2004), Krieter et al. (2005) and Engler et al.
(2005) provide control chart performance analysis based on simulations. A
systematic study on simulated data can be very useful to investigate the
actual performance of the intended control chart, while data based studies
provide conclusions possibly based on experience or perception (de Vries,
2001). Furthermore, as also noted by de Vries (2001) the references that
reported causes for control chart alarms found these explanations based on a
post-hoc investigation without actively intervening in the considered process.
As a matter of fact, to date, no references of real time active applications were
found.

Each available reference acknowledged the potential of control charts for
application in livestock production. They can be constructed relatively simple,
are very informative and facilitate early detection of emerging problems and
hence it is very likely that they can create a financial advantage (Sard,
1979; Wrathall and Hebert, 1982; Cowen et al., 1994; Dial et al., 1994, 1996;
Morrison et al., 1997; Quesenberry, 1997; Polson, 1998; Reneau and Kinsel,
2001; de Vries, 2001; Krieter et al., 2005; Madsen and Kristensen, 2005; Bak
and Barfod, 2008). Therefore Reneau and Kinsel (2001) stated that it may
be expected that SPC will play an important role in the future of livestock
monitoring and controlling.

Most authors were well aware of the limitations, constraints or obstacles of
the direct application of SPC on livestock production. Deen (1997) stated that
the application and interpretation of the control charts requires a thorough
knowledge of the process. Because of the rather limited application attempts,
there is still a large need to determine the most suitable control charts and the
most suitable parameters for a certain livestock production process (Reneau
and Kinsel, 2001). This was confirmed by de Vries (2001) who indicated
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Table 1.2. Review of publications on the application of SPC on livestock
production systems. SPC charts - X: Shewhart chart for individual
observations; Xbar: Shewhart chart for subgroups; S: Shewhart chart for
standard deviation; P : Shewhart chart for probability of success; MR: Shewhart
chart for moving range; cusum: cumulative sum chart; EWMA: exponentially
moving average chart; Q: Q-chart for mean (µ), variance (σ2) or coefficient of
variation (CV ). SCC = somatic cell count.

Reference Livestock SPC Chart Variables

Akachi (1971) Layers X collection rate,
egg production

Wrathall (1977) Swine X, Xbar % return to sevice,
# piglets born alive,
% foetuses born dead

Sard (1979) Steers, Xbar, growth,
Swine cusum snout-deformity scores

Wilson et al. (1980) Swine cusum % returns to service
Wrathall and Hebert (1982) Swine X, Xbar, % returns to service,

cusum # piglets born alive
Ravindranathan and Unni (1990) Chicks Xbar weight
Cowen et al. (1994) Turkeys X survival rate
Dial et al. (1994) Swine X # services

Fernandez (1995) Turkeys Q(µ), Q(σ
2
) multiple variables

Dial et al. (1996) Swine X, Xbar, multiple variables
P, S

Deen (1997) Swine X # piglets weaned
Marsh et al. (1997) Dairy X, P bulk tank SCC

% pregnant
Morrison et al. (1997) Swine X % returns to service
Quesenberry (1997) Swine Q(CV) growth
Galli et al. (1998) Steers X, S motility sperm cells
Pleasants et al. (1998) Steers cusum ultimate muscle pH
Polson (1998) Swine X, MR farrowing rate
Koketsu et al. (1999) Swine X # sows mated
Reneau and Kinsel (2001) Dairy X bulk tank SCC
Quimby et al. (2001) Steers cusum feeding behaviour
de Vries (2001) Dairy X, P, oestrus detection
de Vries and Conlin (2003) cusum
de Vries and Conlin (2004)
Grennstam (2005) Diary cusum milk secretion, electric

conductivity ratio
Engler et al. (2005) Swine EWMA total piglets born
Krieter et al. (2005) Swine EWMA many parameters sows
Madsen and Kristensen (2005) Swine cusum piglet water intake
St-Pierre and Cobanov (2007) Dairy Xbar forage quality sampling
Niehoff et al. (2007) Dairy cusum, % repeat-breeding days

EWMA
Cornou et al. (2008) Swine cusum individual eating rank
Pastell and Madsen (2008) Dairy cusum paw loadings
Lukas et al. (2008) Dairy X, cusum water intake

dry matter intake
Bak and Barfod (2008) Swine Xbar Salmonella antibodies
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that most applications chose the type of control chart based on intuition
rather than statistical considerations. Morrison et al. (1997) concluded that
in many of these processes performance may seem in-control and so control
charts do not generate signals, while in fact there might still be a margin to
fundamentally improve the process.

The unconventional characteristics of livestock production data -
non-stationary, autocorrelated, missing values - is probably the most
important hurdle to tackle first. An interesting and promising approach to
achieve a certain ”cleaning” of data, is the application of Engineering Process
Control handled in the next section.

1.4.2 Engineering Process Control

In case of non-stationary processes the direct use of an SPC chart is
inappropriate, and an adjustment strategy based on predictions with a model
capturing the systems dynamics is advised (del Castillo, 2002; Montgomery,
2005; Montgomery et al., 2008). This kind of strategy is called Engineering
Process Control (EPC). Essentially, EPC is the whole of activities that
focus on the mathematical modelling of (production) systems (del Castillo,
2002). Based on such models, a process manager can ”adjust” the process by
changing certain process settings, or the models can be used to perform a sort
of ”pre-treatment” of the data of the considered process parameter. Either
way, EPC regulates the process or process data to account for sources of
variability which cannot be removed by SPC. After the regulation, the proper
use of the SPC chart allows to detect assignable causes in the process and leads
to permanent process improvement or reduction in variability (Montgomery,
2005).
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1.5 Objective and thesis outline

The general objective of the presented work is to develop algorithms for the
early detection of problems - an Intelligent Monitoring System (IMS) - in a
precision livestock farming context, viz. the production of consumption eggs.

The design of IMS is presented in subsequent chapters comprising the different
stages of development of the system. A schematic overview of the different
steps is provided in figure 1.3.

Data on most input parameters are available, but to have ample data on
the quality of the output (the eggs) Chapter 2 presents several experiments
investigating the practical relevance of two novel egg quality measures. The
first is the Dynamic Stiffness (KD) which was already introduced some years
ago, and the second is a newly developed measure named the Transmission
Colour Value (TCV).

In Chapter 3 a description is given of the data used for the development
of the IMS. Data over the complete laying period of 14 flocks of laying
hens, ranging from small scale experimental to large scale commercial, were
collected. Furthermore, the different production and quality parameters that
were registered are presented and explained separately.

Chapter 4 provides the theoretical background on the SPC control chart
that is used in this work, the cumulative sum (cusum) chart. By testing the
specific assumptions connected to the cusum procedure on the available data,
the problems and challenges for directly applying the control chart appear.

A possible solution for solving these problems is presented in Chapters 5
and 6. In the framework of the EPC strategy two model based approaches are
discussed. The first uses parametric models and the second uses time series
models to pretreat the process data to obtain data series on which SPC can
be applied.

By applying this pre-treatment approach, a synergistic EPC-SPC strategy
is used to develop cusum control charts for the different measured egg
production and quality parameters. The cusum control charts are presented
in Chapter 7.

Based on the univariate control charts, a prototype software tool of the
IMS, named AVES, was built. In Chapter 8 the IMS is tested in two case
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studies on the complete dataset of two commercial layer flocks.
Since it could be misleading only to monitor individual parameters when

in fact there exists a certain correlation, and since it would be convenient from
a practical point of view to use only one chart instead of multiple charts, the
EPC-SPC approach is extended towards the development of a multivariate
control chart in Chapter 9.

The work closes with a general discussion and some perspectives for future
research in Chapter 10.
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Chapter 2

Novel Egg Quality

Measurements And Their

Practical Relevance

An egg a day keeps the doctor away.

Valuable health advice

2.1 Introduction

The development of novel fast non-destructive measurement methods to define
aspects of egg quality has been mentioned in section 1.3.1. In this work the
two most promising techniques are included in all experiments: the Acoustic
Resonance Technique and VIS/NIR Transmission Spectroscopy. These two
techniques are explained in detail in the following section.

I. Acoustic Resonance Technique

Coucke (1998) presented the application of the Acoustic Resonance Technique
(ART) on eggs. The first practical application that was developed was crack
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2 Practical Relevance of Novel Egg Quality Measurements

detection in egg shells. For this purpose Coucke (1998), Coucke et al. (1999)
and De Ketelaere et al. (2002) performed the analysis of the vibrational
response of the egg after an impact with a small hammer. From the resulting
vibrational response the Resonant Frequency (RF) of the egg was defined.
Figure 2.1 provides an example of both the time signal of the vibrational
response and the extracted frequency spectrum. The vibrational response
was measured using a microphone.

An intact egg displays axial symmetry and hence the acoustic response
in the frequency domain is very similar and independent of the place of
excitation along the equator of the egg (Coucke, 1998; De Ketelaere et al.,
2000). To decide whether an egg is cracked or not, a pairwise comparison
of four frequency spectra taken around the egg is performed: (1,2); (1,3);
(1,4); (2,3); (2,4) and (3,4). The similarity between two compared spectra
is quantified by the Pearson correlation coefficients. A value close to 1 is
obtained for two very similar spectra, while lower values are observed for
spectra with heterogeneous patterns. If the lowest correlation value of the six
comparisons is smaller than a certain threshold value, usually 0.9 or 0.95, the
egg is classified as cracked (De Ketelaere et al., 2000). In figure 2.2 examples
are given of the frequency spectra of an intact and a cracked egg.

The equipment is called the Acoustic Egg Tester (AET) and shown in
figure 2.3. It is of laboratory scale and consists of a frame with two rollers to
support and to rotate the egg around its longitudinal axis, a hammer made
of a light rod to tap the eggs, and a microphone to record the resulting egg
vibration. While the egg is turning around, the hammer taps on the egg four
times and each time the acoustic response is registered by the microphone.
Based on these four time signals the frequency spectra are calculated.

In case that an egg is intact, the dominant RF extracted from the acoustic
response of the egg can be used to estimate the eggshell strength. As such
the ART was the first successful method for obtaining egg shell strength in
a fast, objective and non-destructive way. For this purpose, Coucke (1998)
modelled the egg as a mass-spring system and defined a novel eggshell strength
parameter named Dynamic Stiffness (KD). Later, De Ketelaere (2002) and
De Ketelaere et al. (2003) extended the initial mass-spring model towards
a mass-spring-damper model and showed that the Damping (DA) of the
vibration provides extra information. The dynamic stiffness is calculated as
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Figure 2.1. Time signals and frequency spectrum from the vibrational response of
an intact egg after impact as registered by the Acoustic Egg Tester. Left. Time
signal of the vibrational responses. Right. Corresponding frequency spectra
with four similar signals: this egg shows a typical resonant frequency of about
4300 Hz.
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Figure 2.2. Illustration of the frequency spectra used for crack detection. Left.
Resulting frequency spectra of an intact egg. The minimal correlation between
these four spectra (0.99) is higher than the threshold value of 0.90 and so this
egg is evaluated as ”intact”. Right. Resulting frequency spectra of a cracked
egg. The minimal correlation between these four spectra (-0.04) is lower than
the threshold value of 0.90 and so this egg is evaluated as ”cracked”.

KD = cte · EW ·RF 2 (2.1)

with EW the mass of the egg in kg, cte a constant (set to 1) and RF the
resonant frequency of the first spherical vibration mode in Hz. The dynamic
stiffness is calculated for each of the four measurements and the average value
defines the final stiffness (Coucke, 1998). The corresponding damping of
the vibration, a measure of the velocity at which the vibration levels out,
is calculated using the ’half-power width’ method (Meirovitch, 2001), using
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2 Practical Relevance of Novel Egg Quality Measurements

Figure 2.3. The Acoustic Egg Tester: lab scale setup for analysis of the
vibrational behaviour of the egg after a slight impact. This device can be used
to detect cracks in eggshells and for intact eggs it is used to define the dynamic
stiffness (KD). Furthermore an electronic loadcell is included to automatically
weigh the egg. a.microphone - b. egg presence detector: b.1. IR beam sender
b.2. receiver - c. supporting rolls for egg rotation - d. hammer mechanism with
the light hammer and a magnetic coil (not visible).
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2.1 Introduction

the RF and the two frequencies at which the power is half the power of the RF
at both sides of the resonant peak (see the right figure of 2.1) (De Ketelaere
et al., 2003).

II. VIS/NIR Transmission Spectroscopy

Spectroscopy in general and more specific Visible (VIS) (400-750 nm)
and Near Infra-red (NIR) (750-2000 nm) spectroscopy, have been widely
investigated and used for assessing the internal quality of agricultural products
(Williams and Norris, 1987). These measurements are quick, non-destructive,
accurate, reliable, contactless and economical. From a hygienic point of
view, a non-contact sensor is interesting for use in egg quality assessment.
Furthermore, this technique allows to grade a large number of eggs in a short
time (Bamelis, 2003). In this work the measurement method presented by
Bamelis et al. (2002), Bamelis (2003), Kemps et al. (2006) and Kemps (2006)
was used. In this method an halogen lamp is used as a light source. The
transmitted light is collected by a collimating lens (receiver transmitted light)
and via optical fibres led to a spectrophotometer. The setup is shown in figure
2.4.

In order to avoid the influence of spectral changes of the halogen lamp,
all measurements are compared to a reference measurement through a white
Teflon1 sample. A dark measurement was done to cancel the electrical noise
of the spectrophotometer. The relative transmission is calculated from

Tλ =
Tλ,e − Tλ,b
Tλ,w − Tλ,b

(2.2)

with Tλ the relative transmission at wavelength λ, Tλ,e the transmission
through the egg at wavelength λ, Tλ,b the dark measurement at wavelength λ
and Tλ,w the transmission through the reference (white teflon) at wavelength
λ.

In the work of Bamelis (2003), Kemps (2006) and Kemps et al. (2006) it
was shown that the information captured by the transmission spectra of eggs
is located between 500 and 900 nm. Below 500 nm the light is blocked by
the CaCO3 crystals. The spectral information above 900 nm mainly (≈ 90%)

1Teflon displays an almost flat transmission spectrum in the VIS and the NIR range

(400-2000nm).
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Figure 2.4. Schematic representation of the setup to measure the transmission
spectra of eggs. Figure modified from Bamelis (2003) p. 38.

originates from the water in the egg albumen. Figure 2.5 shows an example
of typical transmission spectra through brown eggs.
Both novel measurement techniques have the potential for integration into
modern grading machines. Yet, before this is even considered, it is important
to investigate the practical relevance of the quality information they contain.
In the following sections, experiments concerning the practical relevance of the
shell strength measure KD and a new shell colour measure based on VIS/NIR
Transmission Spectroscopy named the Transmission Colour Value (TCV), are
discussed. The objective of these experiments was to investigate the practical
relevance of these quality measures in a monitoring scheme.

2.2 Practical Relevance of Dynamic Stiffness

2.2.1 Introduction

In the general introduction (ch.1) it was stated that the eggshell, the natural
packaging material of the egg contents, has to be strong enough to prevent
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Figure 2.5. Typical transmission spectra of brown eggs. The spectral information
is found between about 500 and 900 nm.

shell cracks (Bain, 1990). Eggshell strength is generally measured using
either direct tests such as non-destructive deformation (Static Stiffness, KS )
(Voisey and Hunt, 1974) or the destructive Fracture Force (Fmax) (Voisey and
Hunt, 1967a,b) of an egg under quasi-static compression between two parallel
plates, or indirectly by measuring Eggshell Thickness (ST ) (Brooks and Hale,
1955; Voisey and Hamilton, 1976; Ar and Rahn, 1980; Thompson et al.,
1981; Hunton, 1993) or Specific Gravity (SG) (Olsson, 1934). Many of these
methods however are either destructive or slow or subject to environmental
influences and hence are regarded as being impractical. Yet, they have become
reference methods for defining eggshell strength. The fast, objective and
non-destructive ART method presented by Coucke (1998) was therefore a
promising alternative. Moreover ART can also be used to detect cracks in the
eggshell (Coucke, 1998; Coucke et al., 1999; De Ketelaere et al., 2000).

Several authors have since investigated the relation of KD with the existing
(reference) methods and have already shown that KD is a useful eggshell
quality measurement. Both Coucke et al. (1999) and De Ketelaere et al.
(2002) found an acceptable positive correlation between the measurement
of KD and other measures of eggshell quality including the static stiffness
(KS) (0.84 and 0.76 respectively) and shell thickness (ST) (0.78 and 0.75
respectively). De Ketelaere et al. (2002) also found a correlation of 0.64 of
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2 Practical Relevance of Novel Egg Quality Measurements

KD with Fmax. For these correlations it should be considered whether the new
quality indicators, such as KD, should be compared to older and imperfect
indicators as KS, or whether one should use the new indicators as such.

In recent years, work on the use of KD has been reported. De Ketelaere
et al. (2002) investigated the variation of KD in relation to certain production
parameters. They proved that feed has a major impact on the KD
measurement and that differences between various commercial layer lines exist
and are important. A small-scale experiment of Lin et al. (2004) indicated
a decline of KD as a result of heat-stress. Dunn et al. (2005) reported
that KD has a high heritability (0.53) and a high genetic correlation with
eggshell breaking strength (0.49) which implies that this measure may be a
useful trait in selection programs aimed at improving shell quality. These
results were confirmed by Icken et al. (2006). Bain et al. (2006) showed that
KD provides a good estimation of the eggshell strength in relation to the
likelihood of breakage in practice. Messens et al. (2007) found a significant
negative correlation between egg shell strength defined by KD and the amount
of bacterial penetration by Salmonella Enteritides. Bamelis (2003) found a
moderate negative correlation (0.55) between KD and egg shell conductance,
a measure for eggshell porosity. So the higher penetration of eggs with lower
KD could be explained by the higher number of pores in these shells. These
results are the basis for the use of KD as a new eggshell quality parameter
in breeding programs. In this work its use in a monitoring scheme is studied.
In the same framework the usefulness of DA is investigated. Therefore two
experiments are performed:

(1) A large-scale experiment to explore and confirm the predictive power of
KD and/or DA for breakage in certain production chains of consumption
eggs. In this experiment also critical points for breakage in logistic
chains are examined.

(2) An experiment to explore the monitoring power of KD and/or DA for
eggshell strength during stress situations.

First the experimental design and the most important results for each
experiment are presented separately, thereafter a combined discussion is given.
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2.2 Practical Relevance of Dynamic Stiffness

2.2.2 Experiment 1: Breakage and breakage prediction

I. Background

Wells (1967) and Bowman and Challender (1963), Thompson and Hamilton
(1986) and mainly Charles and Strong (1988) investigated the relationship
between some measures of shell quality (specific gravity, breaking strength,
shell thickness, percentage shell and shell weight per unit surface area) and
egg-breakage in practice. Charles and Strong (1988) assumed that when
housing, management, feeding and commercial line of the hens were similar,
differences in percentage cracks are primarily due to differences in shell
strength. They found that specific gravity and percentage of shell (by weight)
were negatively correlated with percentage of cracks. Britton (1978) reported
a much higher breakage with high shell deformation (poor shell). Thompson
and Hamilton (1986) however stated that these traditional measures do not
provide adequate prediction of shell breakage during commercial processing.

Thompson and Hamilton (1986) stated that most eggs are cracked
during transportation, rather than any other step during processing and
distribution. Monitoring eggshell breakage in the complete logistic chain
from the production unit to the table however should include an estimate of
breakage in the laying house. Abrahamsson et al. (1995), Abrahamsson and
Tauson (1995, 1998), Leyendecker et al. (2001), Wall and Tauson (2002) and
Guesdon and Faure (2004) presented differences in egg quality and proportion
of cracked eggs for different housing systems (battery cages, furnished cages,
aviary). However, to date no data are available on possible differences in
initial shell strength of eggs produced in these different types of system and
on how this relates to the incidence of breakage in the production chain.

The aim of the experiment carried out in this section was threefold. First,
the percentage eggshell breakage in four different production and logistic
chains, from laying to final destination, was monitored in order to reveal
critical points at which breakage occur. Second, data were examined to see
whether there was a difference in eggshell strength, expressed as KD and DA,
between eggs produced in different housing systems which could account for
any difference in the percent breakages. Third, based on the results of Bain
et al. (2006), who found encouraging results on the predictive power of KD
but not of DA, the data from each system were used to investigate the relation

33



2 Practical Relevance of Novel Egg Quality Measurements

between the initial shell strength, defined by KD and DA, and the likelihood
of an egg breaking during routine handling and grading.

II. Material & Methods

Logistic Chains. Four different logistic chains for the production of table
eggs were investigated. Table 2.1 gives a summary of the logistic chains and
sampling points used in this study. The main difference between each of
these chains was the housing system from which the eggs originated: battery
cages, furnished cages, aviary and free-range system. In order to minimize
bird differences between houses, only farms with Bovans Goldline ® hens in
their mid-lay period, 47 weeks of age, were used in our study. Furthermore,
the experiments were carried out within a period of 3 weeks in order to
minimize seasonal effects. The effect of different feeds could not be controlled
as the farms were all commercial units, but it may be assumed that the basic
formulation of the different commercial feeds was comparable. For the same
reason effects of other parameters, such as management, hen house climate,
health status of the hens, lighting scheme, etc. could not be excluded. In the
analysis these parameters were taken together under one general parameter,
the housing system.

In the first chain, a total of 28 800 hens were housed in a Specht
(Specht-Ten Elsen GmBH, Sonsbeck am Niederrhein, Germany) 4 tier battery
cage system. The hens in this system were fed with feed A. The eggs in this
system were transported out of the hen house on a rubber conveyor belt, and
then collected by a belt consisting of coated iron bars, rolling in a direction
perpendicular to the rubber belt. In this way the eggs were conveyed into the
egg storage room, next to the hen house, where the eggs were automatically
collected and packed in cardboard trays of 30 with a Moba Farmpacker (Moba
BV, Barneveld, The Netherlands). These trays were then stacked in piles of
six which were placed in a rolling container. Such a rolling container can
be considered as an open iron cupboard on wheels with five shelves (65 x
95 cm with 40 cm inter-shelve space) and can contain 180 trays in total.
This container was transported to the packing station by a truck. In the
packing station the eggs were sorted by weight class and packed in commercial
cardboard boxes of six eggs. These small boxes were put into a large cardboard
box of 120 eggs in total in which they were transported to the retail store.
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2.2 Practical Relevance of Dynamic Stiffness

Table 2.1. Survey of the different operations from which each logistic chain
consists. The measurements performed in each operation are noted: KD =
Dynamic Stiffness; %CR = Percentage of cracked eggs. [-] indicates the absence
of the operation in the chain.

Chain 1 Chain 2 Chain 3 Chain 4

Battery
Cages

Furnished
Cages

Aviary Free-range

Egg Production KD-%CR KD-%CR - -

Egg Collection %CR %CR KD-%CR KD-%CR

Transport to
Packing Station

%CR %CR %CR %CR

Grading & packing %CR %CR %CR %CR

Transport to Central
Depot of Store

- - - %CR

Transport to Retail %CR %CR %CR %CR

In the second chain, the housing system consisted of furnished cages,
equipped with perches, a laying nest, with Astroturf ® XPNP (Jansen
Poultry Equipment, Barneveld, The Netherlands) laying nest material, and
a scratching space. Dimensions and occupation of the cages (by the 2 460
hens) met European standards (average 40 hens per cage). The eggs were
transported into the egg storage room by a standard Specht conveyor belt.
To encounter the different levels of the cages, a collecting lift brought the eggs
to the level of collecting (1.20 m). The eggs were then manually collected and
packed into cardboard trays of 30 eggs. Similar to the first chain, these trays
were stacked in a rolling container for transport to the packing station where
the eggs were sorted by weight and packed per 12 in cardboard boxes. For
transportation to the retail store, these small boxes were put into a large
cardboard box of 180 eggs.

The aviary in the third chain was divided into four compartments each
housing 500 hens. The laying nests, with Astroturf ® XPNP laying nest
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material, were located on the two lateral sides of the compartments. At the
back of the nests, the slanting surface carried the egg to a perforated conveyor
belt that transported the eggs into the egg storage room. These perforations
of the belt minimize the egg rolling and hence inter-egg contacts. From this
point on the eggs from the aviary followed the same track as the eggs from the
furnished cages, with this distinction that they were packed into small boxes
per six.

The furnished cages housing system and the aviary were located at the
same farm and in the same building. The hens in the furnished cages and half
of the hens in the aviary were fed the same feed (feed B), yet for the other half
of the hens in the aviary, a supplement of corn cob mix (CCM) was added to
feed B (labelled feed C).

The housing in the last chain was a free-range system with 13 500 layers.
Every day from 11.00 am in the morning till dusk the hens had access to an
outside free-range meadow. The hens were fed with feed D. In the hen house,
two rows of laying nests (with Astroturf ® XPNP laying nest material) were
placed at a height of 67 cm. At the back of the nests, the slanting surface
carried the eggs to the conveyor belt that transported the eggs out of the
hen house into the egg storage room. This conveyor belt was perforated
with holes to minimize the egg rolling. After arrival in the storage room,
the eggs were collected and packed manually in trays of 30, put into rolling
containers, transported to the egg packing station where they were first sorted
by weight and then packed per four into small cardboard boxes. These were
put into large boxes of 120 eggs. As these eggs were destined for sale in a
large department store, the boxes with the eggs were first transported to a
central depot before final transportation brought them to the store itself.

Measurement Points. In each chain there were five measurement points,
except for chain three (aviary) which had only four (see table 2.1). In the
first measurement point (as early as possible in the chain) a sample of 1500
test eggs was randomly picked throughout each housing system. A power
analysis (Kutner et al., 2005) was carried out to calculate this sample size
for the detection of a difference of 1 % in percentage of breakage between
the investigated chains. As shown in table 2.1, this first measurement point
differs for the different logistic chains. In both the battery and furnished
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cage system this point is situated directly after laying. While in the aviary
and free-range system the first measurement point is situated after collecting
the eggs. This gives an additional risk for breakage caused by the collecting
system. The reason for this difference in initial measurement point was the
fact that in the last two systems it was practically not feasible to take the
eggs out of the laying nests. Further measurements were carried out in each
subsequent operation of every chain, as shown in table 2.1.

Measuring Method. In the first measurement point (as early as possible in
the chain) a sample of 1500 test eggs was randomly collected throughout each
housing system. The collected eggs were numbered (with reference to their
origin) and tested with the AET to check for cracks and to define KD and
DA of the intact eggs (see 2.1). The intact eggs were then placed back in the
chain and followed the rest of the chain along with the other untested eggs of
that day’s production up to the next measurement point. Here the same test
eggs were retrieved and the percentage of cracked eggs was calculated. All
cracked eggs were removed and the remaining intact test eggs again continued
their journey along with the untested eggs. This process was repeated until
the eggs had reached the end of the logistic chain.

Statistical Analysis. Statistical analysis of the data was performed
using SAS version 8.2 (The SAS Institute Inc., Cary, NC, USA). To check
whether the initial shell strength quantified by KD, DA and eventually their
crossproduct, had any predictive capacity for the egg breakage in the logistic
chain, a logistic regression was used. A Hosmer and Lemeshow goodness-of-fit
test was performed to assess model adequacy. The logistic regression model
fits the log of the odds as a function of the explanatory variables (Hosmer and
Lemeshow, 1989):

log it(π) = log
π

1− π
= αi +

m∑
j=1

βiXij +
m∑
j=1

m∑
k=1

βjkXijXik (2.3)

where X indicates the explanatory variables (e.g. KD, DA), j and k indicate
the number of the explanatory variable, π is the probability defined by the
proportion of cracked eggs, given a set of m explanatory variables (KD,
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DA, KD.DA), i is the intercept parameter for logistic chain i, βj is the
slope parameter for the jth explanatory variable and Xj is the observation
for the jth explanatory variable. The odds are defined as the ratio of the
probabilities of event (cracked) to non-event (not cracked). The odds ratio
is calculated by exponentiating the parameter estimate for the explanatory
variable (Agresti, 1996). An odds ratio can range between zero and infinity. A
value of 1 indicates that the variable has no influence on the incidence of the
disorder. For this analysis, a global dataset was made consisting of the four
separate datasets from the four logistic chains. The effect of housing system
was incorporated into the model by allowing each housing system to have a
different intercept in the logistic regression model (i). This allows for a shift
in the shell strength - breakage curve to incorporate possible different input
levels in the different logistic chains. However, the slope coefficients (βj) were
chosen to be independent of housing system since it is assumed that, overall,
a unit increase in shell strength, given the housing system, results in a fixed
probability change of breaking. To compare the percentages of cracked eggs
in the different measurement points of the different chains, and to compare
values for egg weight, KD and DA, a general linear model was used.

For the critical points of breakage, no statistical analysis was performed.
The observed breakage numbers were only used for explorative analysis.

III. Results

Critical Points for Breakage. When analysing the egg breakage in the
different chains, the classical and furnished cage systems (chain 1 & 2)
showed a relative high breakage after lay, 6.73 % and 10.72 % respectively.
Furthermore, the collecting belts in chain 1 generated an extremely high
percentage (36.85 %) of cracked eggs due to technical problems. The aviary
and free-range system (chain 3 & 4) (1.94 % and 1.99 %) had a similar total
breakage after collecting the eggs. As shown in table 2.2, grading and packing
of the eggs seems to be the second critical point in the logistic chain after
laying and collecting. Although only a significant difference for chain 4 was
found when comparing the packing operation with the transportation of the
eggs to the packing station (2.11 % and 0.28 % respectively), the higher
breakage percentages of the packing operation indicate a possible higher risk
at this point in the logistic chain. The packing operation in chain 1 resulted
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in the highest percentage of breakage (3.44 %) while in chain 2 the lowest
(1.50 %) percentage of breakage was generated (P < 0.005). Breakage due to
transport varied from 0.16 % to 2.65 %. There was also a significant difference
(P < 0.01) in percentage of cracked eggs between transport to the packing
station (average breakage of 1.37 %) and transport to the retail store (average
breakage of 0.21 %).

Table 2.2. Percentages of cracked eggs given for the different operations of the
investigated production chains.

Chain 1 Chain 2 Chain 3 Chain 4

Battery
Cages

Furnished
Cages

Aviary Free-range

Egg Production 6.73 10.72 - -

Egg Collection 36.85 3.83 1.94 1.99

Transport to
Packing Station

2.65 1.25 1.31 0.28

Grading & packing 3.44 1.50 2.17 2.11

Transport to Central
Depot of Store

- - - 0.86

Transport to Retail 0.25 0.16 0.21 0.22

Total 44.63 16.61 5.47 5.36

Eggshell Strength. In table 2.3 the average values of KD and DA are
compared for the eggs produced in the different housing systems. Compared
to the other three groups, the free-range system displays a significantly
(P < .0001) lower dynamic stiffness (114 ·104 N/m) and a higher DA (4.26 %).
For the other groups the eggs from hens in battery cages and furnished
cages displayed a lower dynamic stiffness (P < 0.05) than the ones from
the aviary. The same ranking holds for the values of DA, but then inversed.
The values for the two groups in the aviary are equal. There was a difference
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between the values for both dynamic stiffness and DA for the furnished cages
(134 ·104 N/m and 3.99 %) and part of the aviary where the birds were known
to have been fed the same feed (141 ·104 N/m and 3.48 %).

Table 2.3. Average values and SD for dynamic shell stiffness (KD) and
damping ratio (DA)in the different housing systems and per different feed
(indicated between brackets). abc Mean values within a column lacking a common
superscript differ (P < 0.05).

Housing (feed) KD (·104 N/m) DA (%)

Battery (A) 135 ± 18 b 3.68 ± 0.94 c

Furnished cages (B) 134 ± 20 b 3.99 ± 1.11 b

Aviary (B) 141 ± 19 a 3.48 ± 0.94 c

Aviary (C) 140 ± 19 a 3.60 ± 1.00 c

Free-range (D) 114 ± 17 c 4.26 ± 1.07 a

Relation between Eggshell Strength and Breakage. The analysis of the
influence of the eggshell strength on the likelihood of the egg breaking during
handling and grading pointed out that KD as an independent parameter did
not show a significant predictive capacity (P > 0.18). The DA on the other
hand proved to have a very significant capacity (P < .0001). When both
parameters were incorporated into the model, again DA (P < 0.022) and not
KD (P > 0.059) proved to be significant. More importantly, it was found that
the interaction between the two parameters showed the highest significance
level (P < 0.0007). KD was therefore kept in the model. Furthermore it
was proved that there was a significant influence of the logistic chain as
well (P < .0001). Figure 2.6 shows the visualization of the model for the
four logistic chains. As most breakage was found in the chain with battery
cages, the graphic of this chain provides the model with the most adequate
information. From this figure it can be seen that DA is of minor importance
for eggs with low KD values. For eggs with high KD on the other hand,
the DA value of the egg largely influences the incidence of the egg breaking
during handling. In order to compare the probability for breakage in the
different chains, Odd’s Ratios (OR) were calculated. Table 2.4 shows the
different odds ratios in the considered chains. This OR denotes the difference
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Figure 2.6. Graphical representation of the four logistic models for the different
logistic chains. The interaction between both KD and DA showed the highest
predictive capacity for the likelihood of breakage (P < 0.0007).

in cracking probability in the different production chains. The higher impacts
that occurred in the chain with the battery cages resulted in high OR values
when this chain was compared to the other chains (namely 9.558, 13.313 and
29.974, see table 2.4). For example, the odds (π/1−π) of breakage was 13.313
times higher in the battery chain when compared to the chain with the aviary.
These OR’s confirm the observations of total breakage in the different logistic
chains.

2.2.3 Experiment 2: Monitoring eggshell strength

I. Background

To obtain an optimal production of as many high quality eggs as possible,
it is of great importance for the poultry manager to anticipate or detect
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Table 2.4. Survey of the odds ratios (OR) of the breakage occurring in two
investigated production chains. The ratio of the Odds of breakage in chain A
and the Odds of breakage in chain B denotes the difference in probability of an
egg breaking in one chain compared to the other.

Production chain A

Production chain B
Battery
Cages

Furnished
Cages

Aviary Free-range

Battery cages 1 0.105 0.075 0.033
Furnished cages 9.558 1 0.718 0.383
Aviary 13.313 1.393 1 0.533
Free-range 29.974 2.613 1.876 1

a production decrease or quality decrease as soon as possible, track the
cause and take measures. To achieve this, layer management should aim at
daily monitoring of all important production parameters (see further in this
work). However, current layer management is mostly focused on a weekly
data evaluation. As a result there is often a large time span between the
origination and the detection of quality loss possibly also causing economical
damage.

As stated in section 1.2, monitoring of a production process requires
regular monitoring of all the different parameters on both the input and
the output side. Considering the egg production process, a certain line of
laying hens are housed in a particular housing system, fed an optimal feed
and water and kept in good health (input) so they can produce a maximal
amount of first grade eggs (output). Over time techniques and devices have
been developed to define many of the production parameters (e.g. ambient
temperature, relative humidity, feed consumption, water consumption) on a
regular basis and record them automatically on computers (Belyavin, 1988;
Frost et al., 1997).

With the introduction of the ART by Coucke (1998), a new technique
became available that should be interesting for monitoring purposes. The
ART technique is used to assess the shell strength in a fast, objective and
non-destructive way. Using the ART, the shell strength is defined by means
of the KD and DA. As mentioned in section 2.2.1 Coucke et al. (1999)
and De Ketelaere et al. (2002) found that KD showed acceptable positive
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correlations with the static stiffness (KS) (0.84 and 0.76 respectively) and
shell thickness (ST) (0.78 and 0.75 respectively). De Ketelaere et al. (2002)
also found a correlation of 0.64 of KD with Fmax. Although these correlations
seem rather moderate, remember that it should be considered whether new
quality indicators, such as KD, should be compared to older and imperfect
indicators as KS, or whether one should use the new indicators as such.

As a result of the nature of the ART technique, the new shell strength
parameters should be interesting for daily shell strength monitoring. In
this experiment the practical relevance of KD and DA as measures for shell
strength for use in an egg quality monitoring scheme is explored.

II. Material & Methods

Experimental Design. In this experiment, two small experimental flocks
of 72 Isa Brown® layers each were used. Each flock was housed separately
in a temperature and humidity controlled climate chamber. Each chamber
contained a 3-tier battery cage system with a total of 36 cages in which the
hens were placed per two. Both flocks were challenged three times with
heat stress in order to induce process changes. The choice for the heat
stress challenge was based on the high probability of actually inducing a
process change (based on literature by amongst others Koelkebeck and Odom
(1994), Lin et al. (2004), Mashaly et al. (2004) and Lin et al. (2006)) and
the availability of the climatic control chambers. The first challenge was at
an age of 35 weeks, the second at 51 weeks and at the third challenge the
birds were 60 weeks of age. The first flock was always exposed to a constant
heat stress of 32 ◦C, while the second flock was subjected to a cyclic heat
stress pattern (reflecting day-night variations) with a maximum temperature
of 35 ◦C in the afternoon hours. Each challenge period consisted of 3 reference
weeks and 1 week of stress. During these two 4 weeks challenge periods, for
each flock the following production parameters were collected daily: EP, FE,
WA, T. Furthermore EW of all eggs was assessed and for measuring the shell
strength KD, DA, KS and ST were defined. KD and DA were registered
making use of the AET (see 2.1). KS was measured using a universal
compression test machine (UTS Testsysteme GmBH, Ulm, Germany). During
this measurement the egg is compressed between two flat parallel steel plates
at a speed of 1 mm/min. The resolution of the sensor (Wagezelle load cell,
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type U1, HBM, Volketswil, Germany) was 0.001 N. A maximum force of 10
N was exerted. Force and deformation were recorded throughout the test and
used to calculate KS defined as the slope of the force-deformation curve. This
KS measurement was repeated on three equidistant places at the equator
of the egg. The average value of the three measurements was used in the
statistical analysis. Finally, ST was measured using a a digital micrometer
(accuracy of 1 µm, series 500, Mitutoyo, Tokyo, Japan) after the eggs had been
emptied. Shell thickness was measured as an average of 3 measurements taken
at equidistant points along the equator of each egg. The average value of the
three measurements was used in the statistical analysis. The measurement of
KS and ST were included as reference measurements, because they have been
and are widely used as measures for shell strength (see section 2.2.1).

Statistical Analysis Statistical analysis of the data was performed using
SAS version 8.2 (The SAS Institute Inc., Cary, NC, USA). Per flock
each challenge period was analyzed separately. This means that no
statistical comparisons between different challenge periods and between
the two flocks were made, only within a challenge period. To check
for differences in the recorded data between the reference period and
the stress period in a considered challenge period, an ANOVA analysis
was performed. To investigate the relation between the input production
parameters (feed consumption, water consumption and temperature) and KD,
Pearson correlation coefficients were calculated (Kutner et al., 2005).

III. Results

Figures 2.7 and 2.8 illustrate the effect of the different heat stress challenges
on KD for each flock. From these it can be seen that for all applied challenges
the KD of the eggs is decreasing. Furthermore, it is clear that the constant
heat stress of 32 ◦C in flock 1 - average reduced KD of 6.3 · 104 N/m - had a
larger impact on KD than the cyclic heat stress - average reduction of 4.7 ·104

N/m.
Table 2.5 summarizes the latter results and the results for the other

monitored production and egg quality parameters. For DA it can be noted
that this second novel shell quality parameter is less sensitive for monitoring
purposes. The heat stress was only reflected in three out of total six
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Figure 2.7. Results of the eggshell quality measurements (KD) of the eggs
from flock 1 during the challenge periods, reflecting the effect of the application
of a constant heat stress. Significant differences are indicated with asterixes:
* P < 0.01; *** P < .0001.
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Figure 2.8. Results of the eggshell quality measurements (KD) of the eggs from
flock 2 during the challenge periods, reflecting the effect of the application
of a cyclic heat stress. Significant differences are indicated with asterixes:
*** P < .0001.
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experiments, with an average difference between the reference period and
the heat stress period of about 0.17 % for the constant heat stress and 0.1 %
for the cyclic heat stress. Remarkable is that no difference in DA could be
observerd in either form of heat stress at the end of the laying period. Further,
table 2.5 shows that the decreased strength shown in KD was also, as expected,
reflected in the measurements of KS and ST. For these parameters the effect
of the constant heat stress was larger as well: the KS and ST of flock 1
reduced respectively 16.7 ·103 N/m and 25 µm in average, while in flock 2 the
reduction was respectively 10.7 · 103 N/m and 21 µm in average. Similarly
to the decrease in eggshell strength, the EW was strongly influenced by heat
stress resulting in a lower egg weight (respectively 1.5 g and 1.0 g in average).
Concerning the production parameters on the input side, feed intake was
reduced during heat stress (36 g and 26 g in average) and water intake raised
(33 ml and 32 ml on average). The correlation analysis between KD and the
input parameters revealed a significant (with all P < 0.01) fair correlation of
KD with feed consumption (r = 0.73), water consumption (r = −0.64) and
average temperature (r = −0.71), indicating a change in these parameters to
be relatively well reflected in KD.

2.2.4 Discussion

In this paragraph all shell strength related experiments described before are
discussed. First a discussion is held on breakage and prediction of shell
strength (experiment 1). Next, the results on the monitoring of shell strength
(experiment 2) is given.

Breakage. The relatively high breakage in both cage systems (6.73 % in
battery cages and 10.72 % in furnished cages), is in agreement to the findings
of Van Niekerk and Reuvekamp (1995, 1999) and Leyendecker et al. (2001). A
high percentage of breakage in furnished cages was also found by Abrahamsson
et al. (1995) and Guesdon and Faure (2004). From the work of Wall and
Tauson (2002) it was shown that devices like egg savers and long nest curtains,
are very effective in reducing cracks in furnished cages. However, even if such
measures are taken, egg breakage in furnished cages is still highly dependent
on the design of the cage and the nest. The extremely high breakage measured
after collecting of the eggs from the battery system is not representative of
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Table 2.5. Results of the effect of the heat stress challenge on the different
monitored production and egg quality parameters for each flock. Ref. =
Reference period; HS = Heat Stress period; KD = Dynamic Stiffness; DA
= Damping Ratio; KS = Static Stiffness; ST = Shell Thickness; EW = Egg
Weight; FE = Feed Consumption; WA = Water Consumption; HS = Heat Stress.
* P < 0.01; ** P < 0.001; *** P < .0001.

Flock 1 Flock 2
Ref. HS Sign. Ref. HS Sign.

KD (·104 N/m)
HS1 122 ± 19 117 ± 19 *** 124 ± 17 120 ± 17 ***
HS2 138 ± 20 128 ± 20 *** 140 ± 18 136 ± 17 ***
HS3 142 ± 21 138 ± 21 * 143 ± 18 137 ± 18 ***

DA (%)
HS1 4.71 ± 1.32 4.49 ± 1.40 ** 4.67 ± 1.23 4.62 ± 1.33 N.S.
HS2 3.80 ± 1.04 3.55 ± 1.03 *** 3.72 ± 1.09 3.49 ± 1.02 **
HS3 3.53 ± 0.87 3.48 ± 0.88 N.S. 3.49 ± 0.90 3.47 ± 0.95 N.S.

KS (·103 N/m)
HS1 164 ± 18 146 ± 19 *** 167 ± 19 157 ± 19 ***
HS2 163 ± 18 142 ± 22 *** 162 ± 20 152 ± 24 ***
HS3 160 ± 22 148 ± 23 *** 158 ± 23 146 ± 26 ***

ST (µm)
HS1 406 ± 34 372 ± 30 *** 415 ± 34 389 ± 26 ***
HS2 410 ± 31 389 ± 37 *** 414 ± 33 405 ± 37 **
HS3 402 ± 31 381 ± 36 *** 405 ± 32 377 ± 34 ***

EW (g)
HS1 61.6 ± 4.9 59.3 ± 4.3 *** 62.8 ± 4.5 61.8 ± 4.2 **
HS2 63.0 ± 5.3 61.2 ± 5.0 *** 64.6 ± 4.5 63.7 ± 4.9 **
HS3 62.9 ± 5.4 62.4 ± 5.4 N.S. 64.3 ± 4.6 63.1 ± 4.9 **

FE (g/hen·day)
HS1 124 ± 3 85 ± 8 *** 128 ± 7 107 ± 7 **
HS2 124 ± 5 84 ± 3 *** 123 ± 7 95 ± 6 ***
HS3 117 ± 4 86 ± 8 *** 118 ± 5 89 ± 6 ***

WA (ml/hen·day)
HS1 226 ± 13 261 ± 14 *** 224 ± 12 254 ± 10 ***
HS2 208 ± 13 253 ± 14 *** 202 ± 11 234 ± 12 ***
HS3 219 ± 12 237 ± 8 * 215 ± 11 250 ± 14 ***
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battery systems in general, but does highlight the point that the ART can be
used to pinpoint problems in any logistic chain for egg production.

The 3.83 % breakage caused by collecting eggs from the furnished cages
could be due to the fact that the eggs had to be collected from different
heights (cages with three levels) and had to pass through a collection mill
which brought them to the collecting level in the egg storage room. The low
breakage after collecting in both aviary and free-range (1.94 % vs. 1.99 %) can
be explained by the fact that both systems had the same laying nest material
and all nests were situated on the same level as the collecting platform.

Thompson and Hamilton (1986) stated that, from laying to final
destination, most eggs are cracked during transportation. This is in contrast
with the findings in this work, in which breakage due to transportation, which
varied from 0.16 % to 2.65 %, is lower than breakage in the other operations
(laying, collecting and grading & packing). This contrast is probably due
to the fact that they performed their research in an egg grading station and
as a result the samples of eggs they investigated also included eggs which
were already cracked directly after laying or during collecting but were not
detected and sorted out by the farmer. In this research all cracked eggs, also
eggs with haircracks, were sorted out in each operation of the logistic chain.
Besides packing material, several factors influence transportation damage:
truck suspension, traffic density, road conditions, location of the egg package
on the truck and atmospheric conditions (Nethercote et al., 1974). Driver
attitude in both driving and handling of the egg packages should also be
considered. The difference in breakage between transportation to the packing
station (1.37 %) and transport to the retail store (0.21 %) observed in this
study is most likely caused by a difference in packaging material. For transport
to the packing station, the eggs were packed in trays of 30 eggs and stacked
up in rolling containers which contained 144 trays at most, for the transport
to the retail store the eggs were packed in cardboard boxes of 4 up to 12
eggs and then put into boxes of 120 to 180 eggs in total. In other words,
more material (cardboard) was available around the egg for the absorption of
vibrations generated during transportation.

Breakage during grading and packaging, which varied from 1.50 % to
3.44 %, is influenced by, amongst other factors, packing speed, filler flats
speed and packing material (Britton, 1978). These effects however were not
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taken into account or evaluated in the current study. Differences in shell
strength (table 2.3) from eggs originating from the different housing systems
cannot be separated from possible dietary effects with one exception. There
was a significant difference in KD and DA between eggs from furnished cages
and from the part of the aviary that were in the same house and which were
also given the same feed (134 ·104 N/m vs. 141 ·104 N/m, and 3.99 % vs.
3.48 %). One possible explanation for this is that the birds in the aviary
system consumed more feed than those in furnished cages and as a result
their calcium intake was higher (Abrahamsson et al., 1995; Leyendecker et al.,
2001). Comparing the KD for both aviary divisions fed on different diets (feed
B vs C), it can be noted that adding CCM to the ration causes no differences
in eggshell strength (KD).

The detection of the high number of cracked eggs (36.86 %) during
collection in the chain with the battery cages, first of all supports the added
value of the AET for crack detection since the farm manager did not know his
equipment was generating such a large amount of cracked eggs, and second
indicates the importance of early crack detection. However, few farm packer
machines are equipped with crack detection devices.

Shell Strength Prediction. For the relationship between the eggshell
strength and the incidence for breakage, Charles and Strong (1988) found the
specific gravity and the percentage of shell to be of possible use to estimate
the shell quality, while Britton (1978) presented the shell deformation as a
measure. In this work it was shown that the eggshell strength, defined by both
KD and DA and more specific the interaction between these two parameters,
shows a good predictive capacity for breakage in the field. This interaction
indicates that dependent on the value of KD, the effect of DA becomes more
important. More specific, DA is more important for strong eggs (high KD)
than it is for weaker eggs. In other words, strong eggs (thick shell) with high
DA are able to absorb the impact energy and strong eggs with low DA cannot
and show to be brittle.

This result is comparable to the work of Bain et al. (2006) who found that
KD could predict the likelihood of an egg cracking during routine handling.
Significant effects of visit, egg weight and the egg’s position in the house were
all found to improve the model developed by these authors, but interestingly
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enough the DA was not found to be a significant effect in their study. Further
experiments are therefore necessary to clarify the situation and develop a
model which can be universally applied.

Furthermore, while previous studies have all attempted to find a
relationship between different measurements of shell quality and field
observations based on correlations, this work tried to predict breakage in
practice by means of a direct measurement. When logistic regression was
applied to these data, it becomes possible to develop a model that denotes
the effect of a change in egg shell strength in terms of a change in breakage
probability. In other words, using the ART it was possible to predict the
minimum strength an egg needs to have not to break in a given chain with
impacts occurring under normal practical circumstances.

Shell Strength Monitoring. The results of the monitoring study suggest
the usability of KD in a quality monitoring scheme. For every challenge
applied (both constant and cyclic heat stress) a significant difference was
found between KD in the reference period and in the stress period. This is
in accordance with the findings of Lin et al. (2004). Analysis of the classic
strength parameters (KS and ST) confirmed this observation. The decreased
shell strength is caused by the disturbed calcium metabolism of the laying
hens as a result of metabolic acidosis in combination with a reduced feed
intake (Austic and Nesheim, 1990). The findings concerning feed intake and
the other parameters confirm the results of amongst others Koelkebeck and
Odom (1994), Lin et al. (2004), Mashaly et al. (2004) and Lin et al. (2006). On
the other hand, DA was found to be less sensitive for the heat stress challenges,
especially at the end of the laying period. This might be explained by the
reduced variability of DA towards the end of the laying period (as can be seen
from table 2.5). This observation might also be the reason why Bain et al.
(2006) found no significant effect for predictability for breakage of DA, while
the results of experiment 1 provided a logistic model with the interaction
between KD and DA as the most significant variable in the model. This age
effect on the variability of DA could be explained by an age related change in
the composition of the organic matrix of the egg shell reported by Fraser et al.
(1998) and Panheleux et al. (2000). Since shell strength is mainly important
at the end of the laying period, these findings led to the conclusion not to
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include DA in the remainder of this work.

2.2.5 Conclusion

The eggshell strength determined by the ART and characterized by KD,
proved to be an acceptable measure for the eggshell quality. Based on logistic
regression analysis, it has a good predictive capacity for the likelihood of
breakage during handling. Furthermore, the second experiment showed that
KD is a useful indicator for shell quality in a quality control scheme for the
production of consumption eggs.

This proof of practical relevance for using KD as a standard measure
for shell quality was also found by several other researchers. Its predictive
capacity for breakage in practice (section 2.2.2 and Bain et al. (2006)) offers
the opportunity to make an early distinction between strong and weaker
eggs. Since weaker eggs will probably not survive impacts occurring in the
logistic chain, it would be of interest to sort them out in an early stage and
direct them toward the egg products industry. Furthermore, Messens et al.
(2007) have shown that Salmonella E. can penetrate weaker eggs more easily.
The combination of these two findings suggests that an early distinction can
decrease the risk of cracked and contaminated eggs. Monitoring KD on a
daily basis enables the farmer to produce more first quality eggs with an
acceptable strength. Since there is still a lot of genetic variation on this new
shell quality trait compared to the more classic methods, the use of KD in
breeding schemes (as reported by Dunn et al. (2005) and Icken et al. (2006)),
could enhance the basic strength of eggs considerably.

2.3 Practical relevance of Transmission Colour

Value

2.3.1 Introduction

The eggshell colour of brown eggs is a quality aspect that is important for
the consumer’s perception. In general a more homogeneous brown colour is
preferred over spotty or pale eggs. This aspect makes the shell colour an
important economic quality parameter (Wei and Bitgood, 1989). The brown
colour of eggs as perceived by consumers is mainly caused by the pigments
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protoporphyrin-IX (PPIX ) and to a lesser extent by biliverdin-IX. Most of
these pigments are located in the cuticle of the egg, yet they can also be found
in the shell (Kennedy and Vevers, 1973; Lang and Wells, 1987).

Different measurement techniques for defining eggshell colour have been
developed. From these, reflectometry is the most used technique. This
method described by Wei and Bitgood (1989) captures the reflected light
at the three specific wavelength bands of red, green and blue light. Similarly,
the shell colour can also be quantified in other colour systems like for instance
the L∗a∗b∗ colour space. Another method introduced by Karoui et al. (2006a)
uses front-face fluorescence spectroscopy. Eggs show maximum emissions at
635 and 672 nm after ultra violet excitation at 405, 510, 540 and 557 nm.
These excitation wavelengths are mainly related to the amount of PPIX. The
reflectometry measurement method is being used in most selection centres of
layer lines, yet despite the economic importance of shell colour few large scale
grading machines are equipped with automated colour grading techniques.

Combined results of several publications have suggested that the eggshell
colour might be a promising tool for estimating the birds’ health. Work by
Siefferman et al. (2006), Moreno et al. (2006) and Martinez-de la Puente et al.
(2007) on bleu tits (Cyanistes caeruleus) indicates that eggshell colour and
spottiness are indicators of stress and the general health of these birds. In
earlier studies on brown layers by amongst others Nys et al. (1991) and Mills
et al. (1991), it was already stated that stress results in egg whitening as a
consequence of premature termination of shell pigmentation. It is indeed
known that stress or diseases quickly and possibly strongly influence the
deposition of eggshell pigmentation during egg formation (Whittow, 1999). In
commercial laying hens, for instance viral diseases infecting the reproductive
tract cause pale eggs. Different kinds of stress (environmental, social,. . .)
might also induce a higher degree of spottiness (Butcher and Miles, 2003).
Mills et al. (1987) already suggested to use reflectometry as a measure of
stress in commercial layers.

Independent of stress or diseases, there are other sources of variation in
brown shell colour. Nys et al. (1991) and Mills et al. (1991) reported the
variation between hens, but also between subsequent eggs of the same hen,
albeit that the between hen variation is larger. In addition, these authors
report a within egg variation of pigmentation with the blunt end of the eggs
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being darker than the sharp end. Furthermore, it has been reported by
several authors that older hens lay lighter coloured eggs (Nys et al., 1991;
Mills et al., 1991; Odabasi et al., 2007). Odabasi et al. (2007) suggested
that this phenomenon is the result of the increased egg size as they found
no proportionate change in the quantity of pigment deposited over the shell
surface. Furthermore, there are considerable differences in colour between the
genetic lines (Solomon, 1987).

Based on the aforementioned publications, shell colour could be an
interesting parameter for using in a system for monitoring the health or stress
status of a flock of laying hens. In practice flock health can be measured
by means of blood or manure sampling. However, this is only done on a
low frequent basis. On a daily basis, the poultry manager gets indirect
indications of flock health or stress status based on his own observations
or these of the farm veterinary. Behavioural observations give information
on the stress status and clinical symptoms or mortality rate on the health
status. In addition, production numbers (EP) or egg weight (EW) recordings
can provide an indication of the health status of a flock. Now, the hypothesis
is formulated that shell colour is an indicator for flock health.

Wanting to use the shell colour for daily monitoring purposes, it is desirable
to assess the colour of every single egg. These technologies and sensors
should be fast, suitable for automation and reliable (De Ketelaere et al.,
2004). Kemps (2006), tried to predict internal egg quality using VIS/NIR
transmission spectroscopy. He found that the observed changes in the spectra
of consumption eggs were more related to changes in shell pigments than
to internal quality aspects. He therefore stated that the use of VIS/NIR
transmission spectroscopy could prove useful in defining and monitoring shell
colour.

In the following experiment it is intended to find whether the
non-destructive method of VIS/NIR transmission spectroscopy could be used
for defining the eggshell colour in a fast and objective way. A new parameter
for measuring shell colour is defined. It is examined whether this parameter
could be used for indirect monitoring of the stress or health status of a flock
of brown laying hens.

53



2 Practical Relevance of Novel Egg Quality Measurements

2.3.2 Material & methods

Experimental Design For this experiment, the same experimental design
was used as in the experiment described in section 2.2.3. Two experimental
flocks of 72 Isa Brown® layers each were subjected to a heat stress challenge -
flock 1 to constant heat stress of 32 ◦C and flock 2 to a cyclic heat stress with
a maximum of 35 ◦C - at three different ages - 35, 51 and 60 weeks of age.
Each challenge period consisted of 3 reference weeks and 1 week of stress.
During these three four week periods daily VIS/NIR transmission spectra
were recorded of all eggs except shellless eggs and eggs with open cracks.

The Transmission Colour Value. To quantify the eggshell colour a
new parameter was defined based on the VIS/NIR transmission spectra of
eggs: the Transmission Colour Value (TCV ). The raw VIS/NIR transmission
spectra were obtained using the method explained in 2.1. To define the
TCV, first the raw transmission spectra were preprocessed by applying a
Savitzky-Golay smoothing filter with a bandwidth of 10 nm (Kemps, 2006;
Kemps et al., 2006). Next, the TCV was calculated in analogy with the Blood
Value parameter - used for detection of blood spots in consumption eggs and
blood vessel development in incubation eggs - described by Bamelis et al.
(2002). The most important absorbance peak of the molecule responsible
for the shell colour, PPIX, is situated at 643nm (Kadish et al., 1999). The
variability in egg characteristics, such as shell thickness and yolk colour, causes
that the absolute value of the intensity of the light transmitted at 643 nm
cannot be used directly. A thick eggshell absorbs more light than a thin
one, resulting in a lower transmitted intensity at 643 nm in a thick-shelled
light coloured egg. Therefore, a relative measurement is required, such as the
ratio between the transmission intensity at two wavelengths like 643 nm and
a reference band not influenced by PPIX. The TCV is therefore defined by
the following formula:

TCV =
T643

T610
(2.4)

with T643 the relative transmission at 643 nm and T610 the relative
transmission through the egg at the reference wavelength 610 nm. Higher
TCV values correspond to a higher transmission rate of light at the PPIX
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wavelength and hence less pigment is present in the shell.

Reference colour measurements. The reflectometry technique was used
as the reference colour measurement. It was assessed by means of a colorimeter
(Chroma meter - Minolta CR-300) defining the colour based on a reflectometry
measurement in the L∗a∗b∗ colour space: L∗ represents the clarity of the
colour with L∗ = 0 for black and L∗ = 100 for white; a∗ indicates the colour
position between green and red with a∗ < 0 for more green and a∗ > 0 for
more red; and b∗ quantifies the colour position between blue and yellow with
b∗ < 0 for more blue and b∗ > 0 for more yellow (Minolta, 1991).

Unfortunately it was not possible to perform reference colour measurements
during the heat stress experiments due to the unavailability of the colour
measurement device. Instead, it was opted to perform representative reference
measurements afterwards. To investigate the correlation of the new TCV
parameter with the state-of-the-art measurement, a sample of 150 eggs was
collected at a commercial farm housing Isa Brown® hens at three different
ages: 28 weeks, 47 weeks and 65 weeks. Each egg was measured 3 times: one
measurement on the blunt side of the egg, one on the equator and one on the
sharp end of the egg. The average values of these three measurements was
used in the analysis.

Statistical Analysis. Statistical analysis of the data was performed using
SAS version 8.2 (The SAS Institute Inc., Cary, NC, USA). Each challenge
period was analyzed separately. This means no statistical comparisons
between different challenge periods were made, only within a challenge period.
To check for differences in the recorded data between the reference period and
the stress period in a considered challenge period, an ANOVA analysis was
performed. To investigate the relation between the TCV and the reference
colour measurement (L∗a∗b∗) Pearson correlation coefficients were calculated.

2.3.3 Results & discussion

Explorative Analysis. As the Transmission Colour Value is a new quality
parameter, figure 2.9 first illustrates the difference in TCV between dark
brown eggs from healthy brown layers, lighter brown eggs from broiler breeders
and white eggs. This figure shows the lower TCV value for eggs with more
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Layer Broiler White
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Figure 2.9. Figure illustrating range of values for the TCV of different coloured
eggs.

Table 2.6. Overview of the correlations between the TCV measurement and the
reference colour measurement of L*a*b* values (P < 0.001; n = ±450).

L∗ a∗ b∗ TCV

L∗ 1 - 0.922 - 0.673 0.580
a∗ 1 0.739 - 0.565
b∗ 1 - 0.096
TCV 1

PPIX pigment and the higher values for eggs poor of pigment. The white
eggs even have a TCV higher than 1 indicating that the transmission value
at 643 nm is higher than the transmission value at 610 nm. This is due to a
very low PPIX presence in white eggs.

Table 2.6 presents the result of the correlation study between the TCV and
the L∗a∗b∗ reference measurements of shell colour. It can be seen that the
TCV is positively correlated with L∗ (brightness) (R2 = 0.580) and negatively
with both a∗ (green-red) (R2 = −0.565) and b∗ (blue-yellow) (R2 = −0.096).

Since PPIX has a brown colour, the observed negative correlation with a∗
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2.3 Practical relevance of Transmission Colour Value

could be expected since brown is obtained from the combination of red and
green. The higher a∗, the more brown the eggshell and hence the lower the
TCV. A similar explanation holds for the clarity. The more shell pigment
and hence the more brown the eggshell, the less light is reflected and hence
the lower the clarity L∗ and also the lower TCV. The low correlation with
b∗ is normal since no blue-yellow components are present in the brown shell
colour. The correlations of TCV with the L∗a∗b∗ values could be considered
rather low. This could be explained by the fact that for L∗a∗b∗ the actual
colour information is distributed over the three constituents while for the TCV
almost the complete brownness information is captured. It could be stated
that the TCV value contains more information on actual pigment deposition.
While colour measurements using reflectometry only contain information on
the outer pigment component viz. PPIX deposited in the cuticle, the TCV
value quantifies the total presence of PPIX pigmentation in the egg including
the eggshell. Furthermore, reflectometry measures are influenced by the
measurement site. By taking three representative measurements per egg
(blunt end, equator and sharp end) already less variability is introduced, yet
it is impossible to perform a complete quantification of the outer pigmentation.

Monitoring of Stress. Figures 2.10 and 2.11 show the effect of the different
heat stress challenges on the TCV for each flock. It can be seen that for all
applied challenges each time TCV of the eggs increases indicating that the
eggs became lighter of colour. Furthermore it is clear that the constant heat
stress of 32 ◦C in flock 1 - average increased TCV of 0.029 or 4.8 % - had a
larger impact on the colour than the cyclic heat stress - average increase of
0.017 or 2.1 %.

These observations indicate that it is possible to introduce the new quality
measurement into a monitoring scheme as an indicator for the stress status and
possibly also for the health of a flock of laying hens, as suggested by Kemps
(2006), Siefferman et al. (2006), Moreno et al. (2006) and Martinez-de la
Puente et al. (2007). As such, the TCV could also be interesting in relation
to bird welfare as the stress status and diseases are an important aspect of
welfare of the animals. In current common practice the farm manager tries to
avoid (environmental) stress in the hen house and aims at visually checking
his hens as often and as good as possible in order to note emerging health
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Figure 2.10. Results of the eggshell colour measurements (TCV) of the eggs
from flock 1 during the challenge periods, reflecting the effect of the application
of a constant heat stress. Significant differences are indicated with asterixes: ***
P < .0001
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Figure 2.11. Results of the eggshell colour measurements (TCV) of the eggs
from flock 2 during the challenge periods, reflecting the effect of the application
of a cyclic heat stress. Significant differences are indicated with asterixes: *
P < 0.01 *** P < .0001
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problems before economical damage is caused. The success rate of this visual
controlling procedure for disease detection greatly depends on the clinical
symptoms of the emerging diseases and the management skills of the farmer
to interpret the symptoms. With the availability of the TCV it should become
possible to improve the success rate of early disease detection.

Since total pigment deposition is affected by stress or disease, the TCV
can be considered the better measure for the monitoring purpose since it
quantifies the total pigment content of the eggshell more precisely compared
to the reflectometry technique. TCV determines the shell colour (as perceived
by the consumer (Wei and Bitgood, 1989)), and as such monitoring the TCV
provides an indication of the stress and health status of a flock. Optimizing
flock welfare and health can improve productivity and egg quality. Since it is
known that pigments are present in the eggshell (Lang and Wells, 1987), it
cannot be excluded that the TCV could also be a useful tool in monitoring
the health of white egg laying hens.

2.3.4 Conclusion

In conclusion, measuring eggshell colour defined by the Transmission Colour
Value of all produced eggs on a daily basis can provide relevant information
on the stress and health status of a flock of brown layers. Therefore, TCV
could be used as part of a monitoring scheme for an early detection of stress
situations or emerging diseases, even before important quality and health
damage can occur.

2.4 Summary

On an experimental scale, the practical relevance of the Dynamic Stiffness
(KD), a measure of shell strength, and the Transmission Colour Value (TCV),
a novel measure of shell colour and an indicator for flock stress and health,
has been illustrated. Because of the fast, objective and non-destructive nature
of the measuring techniques used for defining these parameters, the Acoustic
Resonance Technique for KD and VIS/NIR Transmission Spectroscopy for
TCV, these techniques meet the requirements for online application in grading
machines. More information on egg quality can be collected and with
extensive data on all input and output aspects of the complete production

59
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process of consumption eggs available, it becomes feasible to apply the
principles of SPC on the production process of (brown) consumption eggs.

60



Chapter 3

Available Data for

Monitoring Layer Flocks

A lot of time has been wasted on arguing over which
came first- the chicken or the egg? It was

undoubtedly the rooster.

Theodore C. Achilles

3.1 Introduction

As stated in section 1.5 the general aim of this work is to develop algorithms for
early problem detection in the production process of consumption eggs. To be
able to perform this development and test the resulting algorithms, extensive
data on several egg production processes are necessary. Therefore, production
data originating from different sizes of layer flocks have been collected:

- Small scale controlled experimental production;

- Medium scale experimental production;

- Large scale commercial production.
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3 Available Data for Monitoring Layer Flocks

In the course of development, first the small and medium scale data were used
for basic testing of the applicability of the SPC principles. In a second phase,
large scale data of commercial production units were included to fully develop
the algorithms.

In this manuscript, these data are used and presented on-the-go
to give representative and elucidating examples concerning the different
developmental stages of the IMS. At the point of usage, (chapters 4 to 9),
a reference is made to the origin of the dataset (indicated with the flock
label) as described in this chapter.

In the following sections first a detailed description of the monitored layer
flocks (biological material) is presented and afterwards the data collection
procedures (technical methods) of the monitored parameters are given.

3.2 Materials

The production data of the different followed flocks used for the development
of the IMS were collected in the chronology of the developmental stages of
the tool. More specific, two phases of development were defined. In the first
phase it was chosen to test the applicability of the principles of SPC on data of
the production process of consumption eggs originating from small scale and
medium scale experimental flocks of laying hens. After these investigations
and the first application, the developed algorithms were to be optimized and
validated on datasets of large scale commercial egg productions.

3.2.1 Small scale controlled experimental production

I. Objective

In the beginning of the developmental process, first of all it was important
to investigate time dependent characteristics of the different egg production
and egg quality parameters. Furthermore, by subjecting the hens to specific
challenges, both the quantitative change and the pace of the change could be
investigated. In this way the principles and techniques of SPC for detection
of problem situations could be tested on the egg production process.
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3.2 Materials

II. Flocks

Two small scale experimental flocks of 72 Isa Brown® layers each were
followed. Each flock was housed separately in a temperature and humidity
controlled climate chamber. Each chamber contained a 3-tier battery cage
system with in total 36 cages. The hens arrived in the housing at the age of
17 weeks and were randomly distributed per two hens into the cages. During
the complete production period, they were fed a standard commercial layer
mash. From the beginning of the laying period at the age of 141 days (begin
21st week) daily production and egg quality parameters were recorded for
both flocks. Which parameters and how they were collected is explained in
section 3.3. Furthermore, a log was kept to register all events like treatments,
mortality, technical failures etc.

III. Challenges

In both flocks, three challenges of heat stress were carried out in order to
induce process changes. The choice for the heat stress challenge was made
based on the availability of the climate controlled chambers and on the known
impact of heat stress on the birds and hence the egg production and quality
(Koelkebeck and Odom, 1994; Lin et al., 2004; Mashaly et al., 2004; Lin et al.,
2006). The first challenge was at the age of 35 weeks, the second one at the
age of 51 weeks and at the third challenge the birds were 60 weeks of age. The
first flock was always exposed to a constant heat stress of 32 ◦C, while the
second flock was subjected to a cyclic heat stress pattern (reflecting day-night
variations) with a maximum temperature of 35 ◦C in the afternoon hours.
Besides the planned heat stress challenges, it has to be noted that there was
a serious natural challenge of red mite (Dermanyssus gallinae) infestation,
especially in the beginning of the laying period.

3.2.2 Medium scale experimental production

I. Objective

The monitoring of medium scaled experimental flocks was situated in both
phases of development. In the first phase, data of these flocks would also firstly
serve for investigation of the time dependent characteristics of the different
egg production and egg quality parameters. In these flocks no challenges to
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3 Available Data for Monitoring Layer Flocks

provoke process changes were applied, only spontaneous occurring challenges
could arise. Yet, since these experimental flocks were housed in different
housing systems, namely furnished cages and aviary, the challenge of the
housing system could be included. It was not the objective to compare
production in these different housing systems, yet it was necessary to include
housing systems for the robustness of the IMS. This means that the developed
tool should work for each commercial layer flock, independent of the housing
system.

II. Flocks

The agricultural estate where the medium scaled experimental flocks were
housed, was located at the Centre for Applied Poultry Research of the
Province of Antwerp 1. This research centre has layer facilities with two
different alternative housing systems (in accordance with the EU guidelines
(European-Commission, 1999)): furnished cages and an aviary. In total four
flocks of layers were followed, two consecutive production rounds in each
housing system.

Each monitored flock of hens housed in the furnished cages consisted of
390 hens housed in 10 furnished cages of 39 hens each. The enrichments in
the cages were perches, a laying nest with Astroturf® XPNP (Jansen Poultry
Equipment, Barneveld, The Netherlands) laying nest material, and scratching
space. In both production rounds the flocks in the furnished cages consisted
of Isa Brown® laying hens.

The flocks housed in the aviary consisted of 500 hens each. The laying
nests, with Astroturf® XPNP laying nest material, were located on the two
lateral sides of the compartments. In the first production round the aviary was
populated with 500 Isa Warren® hens and the second round with Lohmann
Brown® layers. In this way an expansion of the robustness of the IMS could
be achieved since the tool should also work independent of the genetic line of
the layers.

The flocks in the same production round were always fed ad lib with the
same standard commercial layer mash. At all times, all birds had free access
to drinking water. From the age of 18 weeks on, for each flock all production
and egg quality parameters were recorded on a daily basis. Besides, a log

1Centre for Applied Poultry Research, Province of Antwerp, Poiel 77, 2440 Geel, Belgium
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3.2 Materials

was kept to register all events possibly inducing process disturbances. The
parameter collection is explained in section 3.3.

3.2.3 Large scale commercial production

I. Objective

After investigating time dependent characteristics and after successfully
testing the applicability of SPC principles and techniques in phase 1, the
developed draft algorithms had to be optimized and validated using data
originating from large scale commercial egg production. In this way practical
relevant challenges could be included into the system.

II. Flocks

In this second phase eight flocks at commercial layer farms were monitored
during one complete laying period. For the same reason of robustness of the
IMS as indicated above, these commercial farms had different housing systems
that could be divided into three categories: classic battery cages, furnished
cages and alternative systems. The housing at each monitored layer farm was
completely in accordance with the EU regulations concerning the minimum
standards for the protection of laying hens (European-Commission, 1999).
The following housing systems, which are discussed briefly hereafter, could be
found at the eight commercial farms:

- 3 farms with classic battery cages;

- 1 farm with furnished cages;

- 1 farm with floor housing;

- 1 farm with floor housing and a wintergarten;

- 1 farm with floor housing, a wintergarten and a free range meadow;

- 1 farm with an aviary.
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3 Available Data for Monitoring Layer Flocks

Flock L.a: Floor Housing. The first commercial flock consisted of 12 850
Isa Warren® laying hens housed in a floor (deep litter) housing system. In
this system there were two rows of Van Gent (Van Gent International b.v.,
Renswoude, The Netherlands) laying nests with Astroturf XPNP® (Jansen
Poultry Equipment, Barneveld, The Netherlands) providing nesting area for
120 animals per m2. The hens were fed with a commercial layer mash given in
feeding pans and water was available at all times via drinking cups. Aside from
the nests and above the floor perches were present with a perching capacity
of 15 hens per meter of perch. The floor was covered with wood shavings and
in total more than 1/3 of the total floor area was available for scratching.

Flock L.b: Battery Cages. This second monitored production process
was by a flock of 25 760 Isa Brown® layers housed in a classic Specht
(Specht-Ten Elsen GmBh, Sonsbeck am Niederrhein, Germany) 4 tier battery
cage system. Each cage, with a slanting wire floor with an angle of 4.5◦,
contained five hens providing 550 cm2 per hen. A standard layer mash was
provided in a classic feeding trough and the hens had free water access to two
drinking nipples per cage.

Flock L.c: Floor Housing with wintergarten. In this next flock 18
970 Isa Warren® chickens could lay their eggs in two rows of Specht laying
nests located in the middle of the henhouse and equipped with Astroturf®

laying nest material giving space to 120 hens per m2. Standard layer feed
was provided in feed pans and free access to water via hanging lines with
drinking nipples. The floor inside the henhouse was covered with sand. During
daytime the hens had access to a wintergarten with concrete flooring. A total
perching capacity of 10 hens per meter of perch was present including perches
in the wintergarten. Including the floor area of the wintergarten, an available
scratching area of about 1/2 of the total floor area was available.

Flock L.d : Battery Cages. The fourth commercial flock of laying hens
was housed in classic Meller (Meller Poultry Equipment Inc., Jarvis, Ontario,
Canada) 6 tier battery cages. The in total 38 600 Isa Brown® chickens were
divided per six into the cages giving them the required space of 550 cm2 per
hen. The cages had a slanting wire floor with an angle of 7◦, 2 drinking nipples
and a feed trough in front for the commercial feed.
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3.2 Materials

Flock L.e: Floor Housing with wintergarten & free range meadow.
At this layer farm 14 160 Lohmann Brown® birds were housed in a floor
system with a wintergarten and a free range meadow. In the middle of the
henhouse two rows of Specht laying nests with Astroturf® nesting material
were placed providing nesting area for 115 animals per m2. The hens were fed
with a commercial layer mash given in feeding troughs and water was available
at all times via drinking cans. The floor inside the henhouse was covered with
wood shavings. During daytime the hens had access to a wintergarten with
concrete flooring and to a free range meadow. A total perching capacity
of 15 hens per meter of perch was present. Including the floor area of the
wintergarten and the meadow, an available scratching area of a bit less than
1/2 of the total floor area was available.

Flock L.f : Furnished Cages. The fully equipped 4 tier furnished cages
(Valli, Galeata, Italy) on this layer farm housed 50 030 Hyline Brown®

hens. Each cage contained 42 birds providing 680 cm2 of usable space per
hen and was equipped with perches (15 cm per hen), a laying nest with a
plastic-moulded floor mat and a scratching area. Standard commercial layer
feed was given in a feeding trough in front of the cage and water was provided
via drinking nipples (six nipples per cage).

Flock L.g : Aviary. The 17 729 Hyline Brown® laying hens at this farm
were housed in a complete Jansen (Jansen Poultry Equipment, Barneveld,
The Netherlands) aviary system. The system was equipped with laying nest
providing nesting area (including Astroturf nesting material) to 115 hens per
m2, and with a total perching area of 10 hens per meter of perch. Commercial
layer feed was provided in feed troughs and water was offered via lines with
drinking nipples with a capacity of one nipple per 10 hens. The litter on the
floor was sand and in total about 1/3 of the total floor area was available for
scratching.

Flock L.h: Battery Cages. The last farm kept 32 500 Lohmann Brown®

layers in classic Big Dutchman (Big Dutchman International GmBh, Vechta,
Germany) 6 tier battery cages. Each cage, with a slanting wire floor with an
angle of 4.5◦, contained four hens providing a bit over 550 cm2 area per hen.
The cages were also equipped with scratching material for the hen’s nails.
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Feed was given in a feed trough in front and free water access was available
via two water nipples per cage.

In summary, table 3.1 provides an overview of all layer flocks used for the
development of the IMS.

Table 3.1. Overview of the different flocks of laying hens from which production
data and egg quality data were collected for the development of the IMS. WG
= wintergarten / WG-M = wintergarten and free range meadow

Flock
Label

Housing Genetics # Hens

Length
Laying
Period
(days)

Small-scale

S.a Battery cages Isa Brown 72 300
S.b Battery cages Isa Brown 72 300

Medium-scale

M.a Furnished Cages Isa Brown 390 293
M.b Aviary Isa Warren 500 293
M.c Furnished Cages Isa Brown 390 364
M.d Aviary Lohmann Brown 500 364

Large-scale

L.a Floor Isa Warren 12 850 360
L.b Battery cages Isa Brown 25 760 388
L.c Floor WG Isa Warren 18 970 246
L.d Battery cages Isa Brown 38 600 413
L.e Floor WG-M Lohmann Brown 14 160 362
L.f Furnished cages Hyline Brown 50 030 105
L.g Aviary Hyline Brown 17 729 377
L.h Battery cages Lohmann Brown 32 500 405
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3.3 Measurement Methods

In the previous section the flocks of laying hens which were monitored to
collect data for the development of the IMS were presented. In this section an
overview of the different recorded production and egg quality parameters and
possibly the way they were registered or acquired, is given. The collection of
the production parameters discussed next, is common practice in the current
layer farm management. Collection of the extra egg quality parameters KD
and TCV was done extra in the framework of this research. Table 3.2 presents
a summary of the registered parameters.

3.3.1 Environmental temperature

The temperature (T) in the henhouse becomes an important issue in warmer
periods. The comfort zone of laying hens is located between about 16 ◦C
and 25 ◦C. Outside this zone the physiological equilibrium of the chickens is
disturbed and as a result egg production and/or quality is negatively affected
(Whittow, 1999). The average temperature is registered at fixed time intervals
(usually each hour or half hour) by the agricomputer.

3.3.2 Daily mortality

The daily mortality (MO) is an important indicator for the health status of
the layer flock. A daily mortality of about 0.1 % is considered as normal
(Hendrix-Genetics, 2005). Every day the farm manager will walk through the
hen house to remove the carcasses of the death birds. The daily mortality
is simply the number of dead hens per day. The daily mortality can also
be expresed relatively to the total number of hens originally housed. In this
study the absolute mortality per day is used.

3.3.3 Hen-day egg production

The hen-day egg production (EP) is the quantification of the actual
production of eggs. Usually, the layer farm manager will collect his eggs
daily, either manually or by means of an automatic farm packer machine, at
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about the same time, namely a couple of hours after the lights went on in the
henhouse. The hen-day egg production is calculated as:

EP =
Total eggs

Total hens present
· 100 [%] (3.1)

3.3.4 Average feed consumption

The average feed consumption (FE) is both an important health parameter
and an economic parameter. In case of health problems hens often start
to eat less (Whittow, 1999). From the economic point of view the layer
manager aims at a consumption as low as possible with a maximum egg
production or optimal egg weight. Nowadays, registration of total feed
consumption is performed automatically by agricomputers - from for example
Fancom2, Stienen BE3, Opticon4, Big Dutchman5, EMI6,. . . - installed at
most modern layer farms. The average feed consumption is calculated from
these registrations as:

FE =
Total feed consumption [kg]/day

Total hens present
· 1000 [g/hen · day] (3.2)

3.3.5 Average water consumption

The average water consumption (WA) is calculated similarly to the feed
consumption. Since water consumption is closely related to the feed
consumption, in practice farmers often look at the feed:water ratio to
check if the birds’ consumption is normal. The total water consumption is
registered automatically by agricomputers and the average water consumption
is calculated as:

WA =
Total water consumption [l]/day

Total hens present
· 1000 [ml/hen · day] (3.3)

2Fancom bv, Panningen, The Netherlands - www.fancom.com
3Stienen Bedrijfselectronica bv, Nederweert, The Netherlands - www.stienenbe.com
4Opticon-agri bv, Venlo, The Netherlands - www.opticon-agri.com
5Big Dutchman International GmBh, Vechta, Germany - www.bigdutchman.de
6Vostermans Ventilation bv, Venlo, The Netherlands - www.vostermansusa.com
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3.3.6 Hen body weight

The body weight (BW) of the hens is an interesting parameter in relation to
health: if problems emerge, hens eat less and hence body weight probably
drops. In current practice layer managers only focus on hen body weight in
the beginning of the laying period when the hens grow to maturity. Until the
age of about 30 weeks a sample of hens is weighed once per week to monitor a
steady weight evolution. Afterwards, the weight is practically never checked
again. Yet, the alternative housing systems provide the possibility to install a
weighing scale for automatic body weight measurements on a sample of hens
(cf. the system in broiler production). Nevertheless, none of the followed layer
farms were equipped with an automatic scale. Therefore the body weight
could only be registered in the two small experimental flocks (S.a & S.b) and
in the medium experimental flocks in the aviary (M.b & M.d) where such an
automatic weighing system was installed.

3.3.7 Average egg weight

The average egg weight (EW) is probably the most important quality trait for
economic turnover in the current production of consumption eggs. Besides,
in practice the average egg weight is the most commonly measured quality
parameter. In current egg production practice, after collection the eggs are
placed in cardboard or plastic trays of 30 eggs and stacked up in either a
rolling container or on a pallet. Such a rolling container can be considered as
a kind of an open iron cupboard on wheels with five shelves and can contain
180 trays or 5 400 eggs in total. On a pallet it is possible to pile up to
360 trays with 10 800 eggs (or 288 trays with 8 640 eggs towards the end of
the laying period). Most commercial farms are equipped with an industrial
balance (≈ 1000 kg) so the farm manager can weigh the total day production
and calculate the average egg weight as:

EW =
Total weight eggs [kg]

Total eggs
· 1000 [g] (3.4)

In case no balance is present at the farm, usually the packing station gives
feedback on the weight of the delivered batch of eggs. For the monitoring
of the EW in the two small scale experimental flocks (S.a & S.b) every day
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3 Available Data for Monitoring Layer Flocks

each egg was weighed individually by means of a Mettler-Toledo SB80017

laboratory balance (0.1 g precision).

3.3.8 Percentage second grade eggs

During daily collection of the produced eggs, the layer manager removes
shellless eggs, double yolked eggs and eggs with visible defects like (open)
cracks and dirt stains. This sorting is a very subjective matter and also
highly dependent on the buyer of the eggs. A packing station for table eggs
is more critical to an overplus of second grade eggs in a delivered batch,
while egg breaking plants are more tolerant. Nevertheless, when this farm
grading is always done by the same person, the evaluation is more or less
consequent. The percentage of second grade eggs could be an interesting
monitoring parameter as well. For example, more dirty eggs might point out
digestive problems, or more cracked eggs might indicate shell problems or
technical problems of the egg conveyor belt.
The percentage of second grade eggs is defined as:

SG =
Total second grade eggs

Total eggs
· 100 [%] (3.5)

3.3.9 Dynamic stiffness

The methodology for defining the dynamic stiffness (KD) of the shell was
discussed in detail in section 2.1. Since this methodology was already
developed some years ago (Coucke, 1998) and the measurement setup, the
Acoustic Egg Tester, is available for medium scale assessments, this parameter
was introduced into the investigations as an extra egg quality parameter for
all flocks. However, due to practical restrictions the measurement frequency
differed amongst the flocks. While for the experimental flocks measurements
of KD were performed daily, in the commercial flocks this novel shell strength
parameter was defined three times per week. Furthermore, the sample
size was not the same for each flock. In the small experimental flocks all
eggs (production of two times 72 chickens) were measured daily. In the
medium-scale experimental flocks a sample of 150 eggs was measured. And

7Mettler-Toledo nv, Zaventem, Belgium
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in the commercial farms a sample of 180 eggs was measured by the farm
manager.

3.3.10 Transmission colour value

This most recent novel quality measurement was discussed and presented in
sections 2.1 and 2.3.2. As part of the basic development of the TCV was
performed in this work, the measurement setup was not yet fit for application
in the field. Therefore the measurement of the TCV was only included in
the experimental flocks. In the small experimental flocks daily all eggs were
measured and in the medium-scale experimental flocks a sample of 150 eggs
was measured.

3.3.11 Other parameters

The parameters discussed herebefore, are the parameters that reflect the
biological situation and evolutions of a flock of laying hens. Hence they are
the most interesting for monitoring purposes. Yet in practice, layer managers
like to use other derived parameters quantifying the technical results in an
economic relevant manner. The following economic relevant parameters are
usually calculated:

- total number of eggs per hen housed;

- total kg of eggs per hen housed;

- cumulative feed conversion;

- cumulative mortality.

Although economically interesting, these parameters cannot be used for
monitoring purposes, since they are always calculated over the laying period
so far, and hence problem situations are always included.
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3.4 Summary

3.4 Summary

In this third chapter the origin of the datasets used for the development of
the IMS for the egg production was described. In total 14 flocks of layer
hens were followed mostly daily by recording the biological most important
production parameters and three egg quality parameters. This collection of
available data will be used in the rest of this work to present the development
of the IMS. Each time data of a certain flock are used, a reference will be
made to the flock label as indicated in table 3.1.
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Chapter 4

Cumulative Sum as a Tool

for Monitoring

History is the sum total of things that could have been
avoided.

Konrad Adenauer

4.1 Introduction

In chapter 1 the basics of Statistical Process Control (SPC) were introduced.
In this chapter, a more detailed description on the control chart, most suitable
for the posed problem, is given: the Cumulative Sum Chart (CuSum). First,
some theoretical considerations about the cusum control chart are discussed.
This is mainly done for a cusum chart for detecting a shift of mean in normally
distributed continuous process data. But also the cusum chart for binomial
variables and for testing shifts in variance are discussed. Second, an analysis
of the different egg production and quality parameters considered in this study
in relation to the cusum assumptions is presented.
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4 Cumulative Sum as a Tool for Monitoring

4.2 Cusum charts for various data distributions

4.2.1 Cusum chart for a normal mean

I. Basics for cusum design

As stated in section 1.4.1, Cumulative Sum (cusum) charts or Exponentially
Weighted Moving Average (EWMA) charts rather than the Shewhart chart
are usually applied to biological data (Devor et al., 1992). The reason for this
is that the Shewhart chart has no memory and as a result its main power
is the detection of isolated special causes which cause large process shifts
(> 3σ). For the detection of moderate to small shifts (1 − 1.5σ) which is
typical for biological processes, the Shewhart chart performs poorly (Hawkins
and Olwell, 1998). An EWMA chart plots a weighted moving average value.
The weighting factor, chosen by the user, determines how older data points
affect the mean value compared to more recent ones (Devor et al., 1992).
The cusum chart basicly accumulates deviations from a certain target value.
Chang and Gan (1995) and de Vargas et al. (2004) performed a comparative
study between the cusum and the EWMA control chart. They all found that
both charts are comparable in their capacity of monitoring a process and
detecting the presence of special causes generating small to moderate shifts.
Hawkins and Olwell (1998) stated that cusum charts are the most sensitive
SPC charts to signal a persistent small step change in a parameter.

The cusum control scheme was originally developed by Page (1954) and
Barnard (1959) and its working is based on a sequential likelihood ratio test,
in other words for each new sample it is determined whether the process
mean deviates at least a specified amount from a target value. In fact the
cusum scheme applies an hypothesis test to discern between acceptable and
rejectable (quality) parameter values (Devor et al., 1992). The proper use
of the basic cusum control scheme is bounded to several assumptions of the
statistical model underlying the cusum calculations:

- the monitored process has to be stationary meaning observations have
to fluctuate or drift around a certain fixed target or mean value;

- the process data have to be independent meaning no autocorrelation
should be present;
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4.2 Cusum charts for various data distributions

- the distribution function underlying the data of the considered variable
has to be normal with known mean and variance N(µ, σ2) (Devor et al.,
1992; Hawkins and Olwell, 1998; Montgomery, 2005).

In section 4.2.1 (p.82), the theoretical background of these cusum assumptions
are further explored and discussed. When these assumptions are met by the
data of the considered variable, they can be introduced into the cusum control
scheme. In such a scheme, for the ith observation xi the upper or positive
cusum C+ accumulates deviations above target:

C+
i = max(0, C+

i−1 + xi − (µ+K)) (4.1)

and the lower or negative cusum C− (Eq. 4.2) accumulates deviations below
target:

C−i = min(0, C−i−1 + xi − (µ−K)) (4.2)

with µ the process mean or target value, starting values C+
0 = C−0 = 0, K =

k ·σ with k the reference value and σ the in-control variability. An observation
i is out-of-control when C+

i > H or C−i > H with H = h · σ the control limit
and h the decision interval . The power of the cusum technique lies in the fact
that it directly incorporates information in the sequence of sample values by
calculating the cumulative sums of the deviations of the sample values from
a desired target value that are greater than K. As mentioned before, this
makes the chart sensitive to small process shifts (≤ 1.5 · σ) (Devor et al.,
1992; Montgomery, 2005). The cusum chart is governed by the standard
deviation σ, the reference value k and the decision interval h. The values for
these factors have to be chosen in function of the shift that has to be detected
in a certain time span.

Rational subgroups. So far the development of a cusum control chart
was explained for individual observations (n = 1). Depending on the process
which has to be monitored, it might be possible to collect more observations
at the same time or closely after each other in a certain period. For example
in the egg production process, it is possible to measure individual egg quality
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4 Cumulative Sum as a Tool for Monitoring

aspects (like KD and the TCV presented in chapter 2) on a sample of a
day’s production1. In this case the proposed calculations can be extended
towards the averages of these rational subgroups (n > 1). In equation 4.1
xi can then be replaced by x̄i and in calculations of K and H the standard
deviation σ with σx̄ = σ/

√
n, the standard error of mean. Another advantage

of monitoring rational subgroups is that it provides the extra information of
the sample variance which can be used to monitor process variability (Hawkins
and Olwell, 1998; Montgomery, 2005). A special control chart for this purpose
is discussed in section 4.2.3.

Chart performance. The performance of any SPC chart is measured in
terms of its run length. The run length is the number of observations between
a certain starting observation and an observation which causes an alarm.
For summarizing chart performance often the Average Run Length (ARL) is
used. The in-control ARL (ARL0) measures the in-control behaviour and
hence indicates the average time between false alarms (Type I errors). This
in-control ARL should be sufficiently long because false alarms are undesirable
as they cause waste of time and energy and disrupt operations looking for non
existent special causes. The out-of-control ARL (ARL1) is the average ARL
until an alarm is given after a shift of the process. Hence this number indicates
the speed of detection. The out-of-control ARL should be as short as possible
(Hawkins and Olwell, 1998; Montgomery, 2005).

Another performance measure is the Average Time to Signal (ATS). It is
often used when cusum charts are based on almost all observations and when
rational subgroups are used. The ATS is calculated by multiplying the ARL
with the period length per rational subgroup. In case of the egg production
process, when measuring quality characteristics of a sample of eggs of a day’s
production, the period of the rational subgroup is still one day, so the ATS
will be the same as the ARL.

Practical cusum design. When designing a cusum control chart, values
for k and h to calculate K and H respectively, have to be set in function
of acceptable values of the ARLs (both ARL0 and ARL1). Practically, when

1In the future, modern grading machines equipped with the novel techniques will be

able to measure these new quality aspect of each egg.
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4.2 Cusum charts for various data distributions

designing a cusum control chart, first the reference value k is chosen in function
of the shift in mean one wants to detect. As a rule of thumb, choosing a certain
value for k means that the cusum chart is being designed to detect a shift ∆
of 2k standard deviations. Next, the minimum tolerable ARL0 is defined and
based on this value a decision interval h can be set (or the other way around).
Calculating h for cusum charts is complex. The reason for this is that the
probability distribution of the cumulative sum itself is typically unknown.
Usually h and the ARLs of cusum charts are determined theoretically by
simulation, by solving an integral equation approximation or by a Markov
chain approximation (Molnau et al., 2001). From such simulations graphs
and tables have been developed which can be used in cusum design. Because
of its simplicity, Montgomery (2005) also mentions Siegmund’s approximation
formula for the calculation of the ARL of a one-sided cusum. Besides there
is also special software available for finding the control limits and ARLs
for different common probability distributions. Hawkins and Olwell (1998)
provide such software, namely the ANYGETH program to define h and the
ANYARL program to define the ARL’s 2. The calculation algorithms behind
this software is based on a Markov chain approach (Yashchin, 1985; Hawkins
and Olwell, 1998). More recently, de Vries and Conlin (2003) provided a
relatively easy procedure for an algorithm that calculates control limits of a
binomial cusum chart. In this work, the ANYGETH software was used to
define the control limits based on a desired ARL0 and ARL1.

Example. In figure 4.1 an example is given of a cusum chart for the
detection of a shift in mean taken from Montgomery (2005). The first 20
observations are drawn from a normal distribution with mean µ0 = 10 and
standard deviation σ = 1. The last 10 observations come from a normal
distribution with mean µ1 = 11 and standard deviation σ = 1, so after a shift
of 1σ occurred. The cusum control scheme was designed to detect a shift of
1σ with reference value k = 0.5 and control limit H = 5. From figure 4.1
it can be seen that the cusum chart generates an alarm at observation 29
(C+

29 > H).

2These programs are available from www.stat.umn.edu, the website of the School of

Statistics, University of Minnesota
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Figure 4.1. Example of a cusum control chart (lower chart) for a shift in normal
mean based on example data (upper chart) taken from Montgomery (2005, p.
387)

II. Theory of the cusum assumptions

In the following section the theoretical explanation of the assumptions -
stationary, independent and normally distributed data with known µ & σ

- for the cusum chart for a shift in mean is presented. Besides also diagnostic
techniques for checking these assumptions are presented.

a. Stationarity

The first assumption which has to hold is the stationary behaviour of the
data series in time. A time series is stationary if it displays the same
statistical behaviour - characterized with constant probability distribution
- in time. Montgomery et al. (2008) provided the following formal definition
for stationarity. A time series can be considered stationary if:

1. the expected value of the time series does not depend on time and,

2. the autocovariance function defined as Cov(yt, yt+k) for any lag3 k is
only a function of k and not time.

In other words, stationary behaviour indicates some kind of statistical
3The ”lag” k is the interval between two observations yt and yt+k in a time series.
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4.2 Cusum charts for various data distributions

equilibrium or stability in the data so that the stochastic properties of the
process are unaffected by changes of time origin. Non-stationary data on the
contrary wander away from a predetermined target without ever returning to
it (Wieringa, 1999; Montgomery et al., 2008).

The latter authors also suggested three graphical methods for checking
stationarity. A first is making a plot of the data in function of time visually
revealing stationarity. A second method is to take arbitrary ”snapshots” of
the process at different points in time and observing the general behaviour
by comparing the mean and standard deviation. A third method consists
in observing the autocorrelation function (ACF) (see next paragraph). A
strong and slowly dying ACF suggests deviations from stationarity. Figure
4.2 presents examples of a stationary and a non-stationary process.
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Figure 4.2. Example of (a) a stationary process, y1,t = 10 + 0.75y1,t−1 + εt, and
(b) a non-stationary process, y2,t = 20 + y2,t−1 + εt (based on Montgomery et
al., 2008, p. 233).

b. Absence of autocorrelation or Independence

When a time series is dependent, the value of for example observation yt+1

depends on the value of observation yt. Such linear dependency can be
expressed by means of ”autocorrelation”. In general, autocorrelation at
lag k, with k the interval between yt and yt+k, means that the value of
observation yt+k is (partly) defined by the value of yt. A time series is
negatively autocorrelated when an observation below a target value tends to be
followed by an observation that is larger than the target value and vice versa
(alternating behaviour) (see figure 4.3). In positively autocorrelated data the
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4 Cumulative Sum as a Tool for Monitoring

current observation is on one side of the target and the next observation is
most likely found on the same side of the target (see figure 4.4) (del Castillo,
2002).

There are several diagnostic methods to investigate the autocorrelation in
a data series. Information can be extracted graphically from the scatter plot
of all data pairs (yt, yt+k) that are separated by lag k. Besides, for each lag k
the autocorrelation coefficient ρ (rho) can be calculated from:

ρk =
Cov(yt, yt+k)

Var(yt)
(4.3)

The collection of all these coefficients ρk with k = 0, 1, 2, . . . is called the
autocorrelation function (ACF). Specific properties of this function are that
ρ0 = 1 by definition and that the ACF is symmetric around lag zero meaning
ρk = ρ−k which makes it only necessary to calculate half of it (Montgomery
et al., 2008). Figures 4.3 and 4.4 provide examples of ACF for a negatively
and a positively correlated process.

Thirdly, a commonly used test for testing the presence of autocorrelation
at the first lag is the Durbin-Watson test (Kutner et al., 2005).
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Figure 4.3. Example of a negatively correlated process, y3,t = 8 − 0.8y3,t−1 +
εt, with (a) the time series plot and (b) the autocorrelation function with the
autocorrelation coefficient rho for each lag up to lag 24 (based on Montgomery
et al., 2008, p. 242).

The stationarity characteristic of data series and its autocorrelation properties
are in fact often closely related. If a certain time series displays a for example
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4.2 Cusum charts for various data distributions

0 20 40 60 80 100
20

25

30

35

40

45

50

55

time

y

0 2 4 6 8 10 12 14 16 18 20 22 24
-1

-0.5

0

0.5

1

lag

rh
o

 

 

95% CI

(a) (b)

Figure 4.4. Example of a positively correlated process, y4,t = 8 + 0.8y4,t−1 +
εt, with (a) the time series plot and (b) the autocorrelation function with the
autocorrelation coefficient rho for each lag up to lag 24 (based on Montgomery
et al., 2008, p. 241).

strong increase of mean in time, the analysis of autocorrelation will indicate a
high positive autocorrelation structure. Non-stationary data series are rather
called auto-dependent than autocorrelated (Box and Paniagua-Quiñones,
2007).

c. Normal distribution

The cusum control chart for detecting a shift in a normal mean was designed
based on inferences of the normal distribution. Hence it is clear that the data
introduced into the cusum calculations have to follow the normal distribution.
The continuous normal or Gaussian probability distribution is parametrized
by the population mean µ and the population variance σ2 or standard
deviation σ. For a sample out of the population X ∼ N(µ, σ2) (a normally
distributed random variable), the expected value of X is E(X) = µ and its
variance is V AR(X) = σ2.

To check whether or not a data series approximately follows the
characteristics of an underlying normal distribution model, different
diagnostic tests and methods exist. Often a look at the histogram may already
give a good idea about the probability of normality. When the outline of
the histogram approximately displays the bell shape curve, it is likely that
the data are approximately normal. A second graphical technique is the
normal probability plot. The data are plotted against a theoretical normal
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distribution in such a way that the points should form an approximate straight
line. Departures from this straight line indicate departures from normality
(Kutner et al., 2005).

The normality assumption is the less stringent of the three. Montgomery
(2005) stated that even when the normality assumption is slightly or
moderately violated, control charts will still work reasonably well.

4.2.2 Cusum chart for binomial data

Binomial data are a class of discrete data that originate from a sequence of
n independent Bernouilli trials. The outcome of each of such trials is either
having (”success”) or not having (”failure”) some attribute. The combined
result of all these trials is a count number, either the total sum of the trials
resulting in ”success”, either the total sum of trials resulting in ”failure”.
Such results follow the binomial distribution. For example, each day the farm
manager performs Bernouilli trials in his henhouse, meaning that he checks
for each chicken if it’s ”death” or ”alive”. As such the daily number of death
chickens out of the sample of n hens housed, follows a binomial distribution4

with probability for being death of π (Kutner et al., 2005; Montgomery, 2005).
With a cusum chart for the binomial distribution the aim is to detect a

change of the probability of success5. Hawkins and Olwell (1998) provided the
algorithmic cusum control scheme. Given a binomially distributed variable
with a probability π and a defined sample size n (X ∼ Bin(n, π)), the upper
cusum C+ for the upward shift from the in-control probability π0 (e.g. 0.02)
to the out-of-control probability π1 (e.g. 0.05) of the ith observation xi is
calculated as

C+
i = max(0, C+

i−1 + xi −K+) (4.4)

and the lower cusum C− for the downward shift from the in-control probability
π0 (e.g. 0.02) to the out-of-control probability π1 (e.g. 0.005) of observation
xi is calculated as

4A binomial distribution is parametrized by the probability π and the sample size n.

For X ∼ Bin(n, π) (a binomially distributed random variable) the expected value of X is

E(X) = nπ and its variance is V AR(X) = nπ(1− π).
5In the case of the chicken example, this ”succes” is actually ”failure to live”...
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4.2 Cusum charts for various data distributions

C−i = min(0, C−i−1 + xi −K−) (4.5)

with C+
0 = C−0 = 0 and with the upward and downward reference values K+

and K− respectively both of the form n ·ku with ku a per unit reference value
only depending on π0 and π1 and defined by

ku = −
ln( 1−π1

1−π0
)

ln(π1(1−π0)
π0(1−π1) )

. (4.6)

Similar to the cusum for normal mean, the control limit H can be defined
using the ANYGETH software based on a desired ARL0 and the ARL1 using
ANYARL.

As for the control chart for a shift of normal mean, the use of the control
chart for binomial data is bound to the assumptions of stationarity and
independence.

4.2.3 Cusum charts for normal variance

The occurrence of a variance shift in normally distributed data has a
significant economic value, e.g. less eggs produced in the most demanded
weight class reduces profits. This supported the need for designing a special
cusum chart for normal variance, given that variance information is available.

The sample variance of a sample from a normal distribution follows a
chi-square (χ2) distribution, with χ2 being a special case of the gamma
distribution6 χ2

n ∼ Γ(n/2, 2) (Kutner et al., 2005). Given a normal process
with known parameters X ∼ N(µ, σ2) from which a sample of size n is
taken and the sample statistics are given by the calculated mean and variance
(x̄, s2). For the upward shift in variance from the in-control σ2

0 to the larger
out-of-control variance σ2

1 (σ2
0 < σ2

1) the upper cusum C+ of the sample
variance s2

i of the ith observation x̄i is calculated as

C+
i = max(0, C+

i−1 + s2
i −K+) (4.7)

6A gamma distribution is parametrized by the shape parameter k and the scale

parameter θ. For X ∼ Γ(k, θ) (a gamma distributed random variable) the expected value

of X is E(X) = αβ and its variance is V AR(X) = αβ2.
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with C+
0 = 0 and with the value of the positive reference value K+ which is

calculated as

K+ = −2 ln (σ0/σ1)σ2
0σ

2
1

σ2
0 − σ2

1

(4.8)

and for the downward shift in variance from the in-control σ2
0 to the smaller

out-of-control variance σ2
1 (σ2

1 < σ2
0) the lower cusum C− of the sample

variance s2
i of observation xi is given by

C−i = min(0, C−i−1 + s2
i −K−) (4.9)

with C−0 = 0 and with the value of the negative reference value K− calculated
by

K− =
2 ln (σ0/σ1)σ2

0σ
2
1

σ2
0 − σ2

1

. (4.10)

Similar to the cusum for mean, the out-of-control values of the variance should
be selected with respect to the desired maximum sensitivity. As can be seen
from equations 4.8 and 4.10 those values completely determine the reference
value K (Hawkins and Olwell, 1998). Similar to the cusum for normal mean,
the control limits H can be defined using the ANYGETH software based on
a desired ARL0 and the ARL1 using ANYARL.

As for the cusum for a shift of normal mean, the use of the control chart
for normal variance is also bound to the assumptions of stationarity and
independence.

With the presentation of these more generalized cusum charts, the theoretical
background for application on the different data from the egg production
process has been drawn. In the next section, a closer look into the
characteristics of these data reveals the hindrance of these properties for direct
application of the cusum principles.
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4.3 Characteristics of egg production data for

applicability of cusum charts

In this section the cusum related characteristics of the different egg production
and quality parameters that were monitored in this work - mortality, hen-day
egg production, feed consumption, water consumption, hen body weight,
temperature, average egg weight, second grade eggs, dynamic stiffness,
damping and transmission colour value - are investigated. For each process
parameter the assumption testing is presented based on one example dataset
out of the collection of datasets described in chapter 3 (see table 3.1). It was
chosen to take a dataset that is presenting the characteristics of the considered
process parameter well. As can be seen from appendix B, the quality of the
data of the different process parameters varies between the datasets.

Before the actual investigation of the data characteristics was performed,
all data series were visually checked and extreme outliers were removed. The
assumptions check was performed using the following diagnostics (explained
in section 4.2.1). For checking stationarity a simple plot of the data series
with its overall mean was made to visualize the evolution in time. In this plot
the time is defined as days of lay referring to the period of egg production
of a flock of laying hens. This is further discussed in chapter 5 (p.110).
Checking normality - except for daily mortality - was done by constructing
the histogram and a normal probability plot of the whole data series. Finally,
autocorrelation properties were checked by scatter plotting the (yt, yt+1) data
pairs and by calculating the ACF.

As already indicated in section 4.2.1, the different cusum assumptions show
a certain coherence, as will be shown in the figures further on. It is clear that,
when a parameter displays strong non-stationary behaviour, this is reflected
in the ACF by a strong positive autocorrelation and violations against the
normality assumption are significant as well. Nevertheless, all diagnostics are
presented.

4.3.1 Temperature

The environmental temperature is a continuous parameter which is recorded
in practically all commercial layer farms. A good temperature in the henhouse
is important for the performance of the birds because egg production, feed
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consumption and water consumption are related to the ambient temperature.
The thermal comfort zone for layers is situated between about 16 and 25 ◦C
(Whittow, 1999). Each layer farmer is aware that in warmer periods, when
temperatures exceed 25 ◦C, good ventilation is a prerequisite for maintaining
a high performance level. Furthermore, in most European countries heat
stress is a problem of limited duration. As a result, the added value of the
development of a cusum control chart for monitoring henhouse temperature as
a support for management is limited. Therefore, no control chart is developed
for environmental temperature.

4.3.2 Daily mortality

All farmers aim at keeping daily mortality as low as possible, with 0 % as
optimal result. Although modern layer lines have been selected intensively
for liveability, a daily mortality rate of about 0.1 % can be expected
(Hendrix-Genetics, 2005). Higher mortality causes concerns to the farmer. As
such, the target value of the daily mortality can be set to 0.1-0.2 %. Besides,
the daily mortality is the only discrete parameter and follows the model of
a binomial distribution (X ∼ Bin(m,π)). In section 4.2.2 a cusum chart for
binomial data was presented. The binomial cusum chart is applied to the
conforming binomial parameter daily mortality expressed as count numbers
of death hens per day. As an example, the raw daily mortality data of flock
L.a is given in figure 4.5.
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Figure 4.5. Example of daily mortality data of flock L.a. Flock size = 12 850,
0.1 % barrier = 12.8 hens / day.
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4.3 Characteristics of egg production data for applicability of cusum charts

4.3.3 Hen-day egg production

From the analysis of the data of flock L.a presented in figure 4.6 it can be seen
that EP displays non-stationary, not normal and autocorrelated behaviour in
function of time.
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Figure 4.6. Graphical diagnostics for the assumptions testing for EP data of flock
L.a. (a) Raw data with overall mean. (b) Histogram. (c) Normal probability
plot. (d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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4 Cumulative Sum as a Tool for Monitoring

4.3.4 Average feed consumption

The analysis of the data of flock L.g presented in figure 4.7 shows that
FE displays a non-stationary, nearly normal yet autocorrelated behaviour in
function of time.
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Figure 4.7. Graphical diagnostics for the assumptions testing for FE data of flock
L.g. (a) Raw data with overall mean. (b) Histogram. (c) Normal probability
plot. (d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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4.3 Characteristics of egg production data for applicability of cusum charts

4.3.5 Average water consumption

The figure 4.8 of the data of flock L.a shows that WA has non-stationary,
nearly normal and autocorrelated properties in function of time.
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Figure 4.8. Graphical diagnostics for the assumptions testing for WA data of flock
L.a. (a) Raw data with overall mean. (b) Histogram. (c) Normal probability
plot. (d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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4 Cumulative Sum as a Tool for Monitoring

4.3.6 Hen body weight

The BW parameter analysis for which the result is shown in figure 4.9
and which was based on data of flock M.d indicated a non-stationary and
autocorrelated behaviour in time.
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Figure 4.9. Graphical diagnostics for the assumptions testing for BW data
of flock M.d. (a) Raw data with overall mean. (b) Histogram. (c) Normal
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4.3 Characteristics of egg production data for applicability of cusum charts

4.3.7 Average egg weight

For illustrating assumption testing of EW, data of flock L.b were used. From
the resulting graphs in figure 4.10 it became clear that EW is non-stationary
and autocorrelated in function of time.
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Figure 4.10. Graphical diagnostics for the assumptions testing for EW data
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4 Cumulative Sum as a Tool for Monitoring

4.3.8 Percentage second grade eggs

For the investigation of the properties of SG, the data series acquired from
flock L.g was used. The results shown in figure 4.11 indicate that SG is
non-stationary and autocorrelated in function of time.
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Figure 4.11. Graphical diagnostics for the assumptions testing for SG data
of flock L.g. (a) Raw data with overall mean. (b) Histogram. (c) Normal
probability plot. (d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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4.3 Characteristics of egg production data for applicability of cusum charts

4.3.9 Dynamic stiffness

Since KD was not measured daily but mainly every two days, the scatter
plot of for autocorrelation was made of the data pairs (yt, yt+2). From the
analysis of the data of flock L.h shown in figure 4.12, it can be seen that KD
is non-stationary, not normal and autocorrelated in time.
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Figure 4.12. Graphical diagnostics for the assumptions testing for KD data
of flock L.h. (a) Raw data with overall mean. (b) Histogram. (c) Normal
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4 Cumulative Sum as a Tool for Monitoring

4.3.10 Transmission colour value

The novel egg quality trait TCV also displayed time dependent characteristics,
which can be seen in figure 4.13. This figure, based on the data of flock M.b,
further mainly reveals the autocorrelated behaviour of TCV.
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4.4 Summary

4.4 Summary

This chapter described the theoretical basis of the cusum control chart and
investigated if the egg production data comply with the cusum assumptions.
From the graphical diagnostics (Fig.4.6-4.13) it is clear that the cusum
assumptions - normally distributed, independent and stationary - do not hold
for practically all parameters and hence the traditional cusum scheme is not
directly applicable to these data, except the binomial cusum scheme which can
be applied to the daily mortality data. In chapter 5 these issues are tackled.
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Chapter 5

Modelling Non-Stationary

Autocorrelated Processes

For Process Control

All models are wrong, but some are useful.

George E.P. Box

5.1 Introduction

In chapter 4 it was shown that none of the assumptions for applying a cusum
control scheme hold for the continuous process parameters. These violations
seriously impede good performance of control charts because they simply limit
the applicability of the SPC principles. According to Alwan and Roberts
(1995) in practice the fundamental assumptions for standard implementation
of control charts are violated in over 85 % of datasets.

In this chapter, methods are proposed to solve the problem of assumption
violations by means of EPC strategies. More specific, the non-stationary and
autocorrelated process is modelled to obtain a stationary independent time
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5 Modelling Non-Stationary Autocorrelated Processes

series of residuals which characteristics are in accordance with the cusum
assumptions.

5.2 Synergistic control based on EPC and SPC

Devor et al. (1992), Hawkins and Olwell (1998), del Castillo (2002),
Montgomery (2005), Ostyn et al. (2006) and Box and Paniagua-Quiñones
(2007) have indicated and clearly recognized the complexities of real-life
process data causing violations against control chart assumptions. Most of
these authors also gave about the same solution: model-based data treatment
by means of time series models.

As stated in section 1.4.1, SPC is focused on process monitoring and
generating warning signals by discriminating between the normal or expected
variation and the exceptional or unexpected variation caused by a change in
the process. EPC on the other hand is the whole of activities that focus on
the mathematical modelling of (production) systems in order to account for
sources of variability which cannot be accounted for by SPC. The mutual
objective of these two procedures is the reduction of variability (Montgomery,
2005). The cited literature states the necessity of combining this monitoring
power of SPC and the adjustment power of EPC in order to achieve control of
a process and improve product quality. Box and Paniagua-Quiñones (2007)
defined this combined strategy as Synergistic Control (SGC ).

The general philosophy of this approach is that after the model-based
correction of the data by means of a model, the resulting residuals are
normally and independently distributed with mean zero and constant variance
(N(0, σ2)). Hence, control charts can then be applied to the corrected time
series of residuals. The disadvantage of this approach is that, since the models
are approximations, the monitoring scheme is sensitive to estimation errors
in the model coefficients (del Castillo, 2002). Nevertheless, this approach has
proven to be very useful (Devor et al., 1992; Hawkins and Olwell, 1998; del
Castillo, 2002; Montgomery, 2005; Box and Paniagua-Quiñones, 2007).

5.2.1 Time series models

In literature by del Castillo (2002), Montgomery (2005), Ostyn et al. (2006)
and Box and Paniagua-Quiñones (2007), mostly the use of time series models
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5.2 Synergistic control based on EPC and SPC

is proposed. The process is described by an Auto-Regressive Integrated
Moving Average (ARIMA) model, also known as a Box-Jenkins model. This
model is used to remove the undesired characteristics (non-stationarity &

autocorrelation) and the residuals can then be introduced in a control chart
(see figure 5.1). In theory both the stationarity and the autocorrelation issue
can be solved in this way: the integration part (I) achieves stationarity and
the auto-regressive moving average part (ARMA) describes and corrects for
the autocorrelation structure.

Traditional 
SPC Chart

Common
(random)
causes

Special 
(assignable) 

causes

e
ARIMA(p,d,q) 

model

Y

(Autocorrelated) (Uncorrelated
if model OK)

Figure 5.1. Schematic overview of the general approach for monitoring
(non-stationary) autocorrelated data using ARIMA models. Figure taken from
del Castillo (2002) p.114.

An ARIMA model consists of three parts: AR, I and MA. The use of
only the AR or the MA part or the combination of both (ARMA) is also
used in practice. Any stationary stochastic process could be approximated
by a unique AR(p), MA(q) or ARMA(p,q) model, and any non-stationary
stochastic process by a unique ARIMA(p,d,q) model (Broersen and Bos, 2006).
In this section the three parts of the ARIMA model are briefly explained
(based on del Castillo (2002); Montgomery (2005); Montgomery et al. (2008)).

AR models. In an autoregressive (AR) model, an observation at time t is
directly dependent on previous observations. Suppose a production or quality
parameter yt can be modelled as:

yt = δ + φyt−1 + εt (5.1)
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5 Modelling Non-Stationary Autocorrelated Processes

where δ = (1− φ)µ and φ (−1 < φ < 1) are unknown coefficients and εt the
model error. This is called a first-order autoregressive or AR(1) model. The
observations yt from such a model have mean µ = δ/(1−φ) and observations yt
and yt−1 of have a correlation of φ. Analogously, a second-order autoregressive
or AR(2) model is given by:

yt = δ + φ1yt−1 + φ2yt−2 + εt (5.2)

In general, in a pth-order autoregressive model AR(p) the observation at time
t directly depends on the p previous observations given by:

yt = δ + φ1yt−1 + . . .+ φpyt−p + εt (5.3)

MA models. If a process can be represented by a finite weighted sum of the
random error term εt, it is called a moving-average (MA) model. A first-order
moving average model MA(1) is given by:

yt = µ+ εt − θεt−1 (5.4)

with µ the process mean, εt the error term and θ (−1 < θ < 1) the unknown
coefficient. The correlation between yt and yt−1 is ρ1 = −θ/(1 + θ2). In
general, in a qth-order moving average model MA(q) the observation at time
t depends on the q previous error terms (or process shocks) given by:

yt = µ+ εt − θ1εt−1 − . . .− θqεt−q (5.5)

ARMA models. In practice, often a combination of both the autoregressive
and the moving average part is useful: ARMA(p, q). The ARMA(1,1) model
is a first-order combined time series model and given by

yt = δ + φyt−1 + εt − θεt−1 (5.6)

Such a model that combines AR and MA both of order 1, ARMA(1,1) model
is the result of a process from which the value of the observation of a variable
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5.2 Synergistic control based on EPC and SPC

yt is autocorrelated with the previous observation (yt−1) and a random error
component is added to yt, for example as a result of measurement error. In
general, the combined AR and MA model ARMA(p,q) is given by:

yt = δ + φ1yt−1 + . . .+ φpyt−p + εt − θ1εt−1 − . . .− θqεt−q (5.7)

ARIMA models. When a considered process parameter displays non-
stationary behaviour, in most cases the first difference, wt = yt − yt−1, or
higher order differences, denoted by d, produce a stationary time series.
In an autoregressive integrated moving average (ARIMA) process of orders
p, d, q denoted by ARIMA(p,d,q), the dth difference produces a stationary
ARMA(p,q) process. The term integrated is used because the process yt, e.g.
for d=1, can be written as the sum (or ”integral”) of the wt process as:

yt = wt + yt−1

= wt + wt−1 + yt−2 (5.8)

= wt + wt−1 + . . .+ w1 + y0

Once the differencing is performed and a stationary time series is obtained,
the full ARMA model can be developed.

Montgomery et al. (2008) stated that in most cases first order differencing
(d = 1) or occasionally second order differencing (d = 2), should be sufficient
to obtain stationarity. Sometimes other approaches might be more adequate
for handling the non-stationarity issue in a time series. One approach is
to use adapted control charts such as the EWMA with moving centreline
(Montgomery, 2005). Other solutions were suggested by Ostyn et al. (2006)
who used a zero phase filter approach and developed a local linear model.
Recently, Box and Paniagua-Quiñones (2007) proposed the use of two control
charts: an adjustment chart to check the deviation from the target and
a classical process monitoring chart seeking assignable causes. The most
straightforward approach is that when the function of the trend is known, this
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5 Modelling Non-Stationary Autocorrelated Processes

function is used to subtract the dynamic non-stationary behaviour (Ostyn
et al., 2006). This latter solution seemed to be a good approach for the
different parameters of the egg production process.

5.2.2 Trend models

All continuous variables of the egg production process display a clear trend
as function of the age of the hens. Given that no serious problems occur, this
deterministic trend has the same parametric form for all flocks of laying hens,
independent of genetic line, housing system or feed. Many researchers, like
Adams and Bell (1980), Cason and Britton (1988), Minvielle et al. (1994),
van Horne et al. (1991) and Lokhorst (1996), have attempted to develop
mathematical models to describe the trend of the most important production
and quality parameters. Ostyn et al. (2006) suggested that when the function
of the trend is known, the deterministic behaviour can be accounted for by
subtracting it from the observations and subsequently applying a standard
control chart on the residuals. In this way, most information in the raw data
series can be preserved.

To support the choice for using the trend model approach, an example is
presented using a simulated egg weight data series. To develop this data
series, a random normal error pattern N(0, 0.5) (white noise) was added to
a typical parametric curve for the egg weight (see eq. 5.14). The simulated
egg weight data series is presented in figure 5.2. This simulated process was
in-control until the 200th observation after which a shift was introduced with
an average decrease of egg weight of 0.1 g per day.

On this data series the two approaches were tested: first the non-stationary
data series of the average egg weight was differenced respectively once (d = 1)
and twice (d = 2) (see top left and middle left graphs in figure 5.3) and second
the trend model was used. The parametric curve without the white noise was
thereby taken as the theoretical trend. The residual values between the trend
model and the simulated observations at time instant t are calculated from:

et = yt − ŷt (5.9)

with et the residual at time t, yt the observation of the EW at time t and ŷt
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Figure 5.2. Simulated example of the course of the average egg weight, including
the theoretical model describing the deterministic trend.

the prediction of this observation using the parametric model describing the
trend. Next, the assumptions of the adjusted data series were checked. This
revealed autocorrelation for which a corrective action was performed. The
explanation concerning this autocorrelation correction is left aside since it is
presented in detail in section 5.4. Finally, a standard cusum control chart was
applied to the adjusted and corrected data series. The final evaluation of the
different approaches was based on whether the deliberate process shift was
detected by the cusum control charts or not.

In the different graphs in figure 5.3, it can be noted that differencing
once or twice does not result in a completely stationary data series. The
approximately 50 first observations display a non-stationary behaviour, even
in the beginning of the 2nd derivatives series. After this period the data seem
to become stationary. In this way about 50 observations corresponding to
50 days are lost for monitoring purposes, since these are not representative
values. When looking at the model residuals, the stationarity requirement
seems to be met.

The results of the three control charts demonstrate the advantage of using
the trend model approach for parameters showing a highly non-linear trend
as function of time. In such cases, differencing will not produce a constant
(stationary) value on which a classical control chart can be built. Only the
cusum chart based on the residual values of the trend subtraction correctly
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Figure 5.3. Residual data series after one time differencing (top left), after
two times differencing (middle left) and the residual values after removal of the
in-control trend (bottom left). At the right side next to each treated data series
the resulting cusum control charts (k = 0.5, h = 4) for detection of a process
shift in mean are presented. The control charts are calculated based on the
completely corrected residuals, meaning that also the autocorrelation properties
were removed (see later).

and quickly signals the process shift after observation 200. This example
illustrates the loss of information caused by the differencing approach: the
gradual decrease of the egg weight, about 0.1 g every day, is not signalled.
Furthermore, the control chart of the 1st derivative generated false alarms in
the beginning of the observation period (≈ observation 10 to 20). Moreover,
there is always a risk of overdifferencing the data by which an artificial
MA term is introduced into the model. As a result the variance of the
overdifferenced data model is inflated and the structure of the model becomes
difficult to interpret (del Castillo, 2002).
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5.3 From non-stationary processes to stationary data

5.2.3 Sequence of models approach

In this work both mentioned approaches - use of trend models and use of time
series models - are applied consecutively to pretreat egg process data. This is
referred to as the sequence of models approach. First, stationarity is achieved
by means of a trend model and thereafter autocorrelation characteristics are
taken into account using an ARMA model. Both modelling approaches are
presented in the following sections.

5.3 From non-stationary processes to stationary

data

To achieve stationarity, the non-stationary autoregressive age dependent trend
has to be filtered off. This is done by means of a mathematical model
describing the trend. Section 1.3.2 presented publications that provided such
models. Adams and Bell (1980), McMillan (1981), McMillan et al. (1986),
Yang et al. (1989) and Cason and Britton (1988) defined a model for the
weekly hen-day egg production, Adams and Bell (1980) and Minvielle et al.
(1994) for the average egg weight and Adams and Bell (1980) and van Horne
et al. (1991) for percentage second grade eggs. The most complete work was
presented by Lokhorst (1996) who developed extra mathematical models. For
all practical relevant parameters models were then available to describe the
age dependent trend on a daily basis. Using data of layer flocks in an aviary
housing system, Lokhorst (1996) developed non-linear models for hen-day egg
production, average egg weight, percentage second grade eggs, average feed
consumption, average water consumption, percentage floor eggs, hen body
weight, flock uniformity and cumulative mortality. The independent variable
in all models was the age of the hens. This age was expressed as Days Of Lay
(DOL). Following the work of Siplu (1990), the first DOL was defined at an
effective hen age of 141 days of life (start of the 21st week of life).

In the next section, this arbitrary determination is discussed and refuted
and instead an alternative determination of the first day of lay based on
a biological approach is proposed. Plausible mathematical models for the
different production and quality parameters that display an age dependent
trend are then presented.
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5 Modelling Non-Stationary Autocorrelated Processes

5.3.1 Defining the first day of the laying period

Instead of setting the the first day of the laying period at 141 days of age,
it would be better to consider the start of the production period from a
biological point of view. Biologically, the first DOL of a laying hen is the
period in which the ovarian development is completed and the bird reaches
sexual maturity. At that moment, the hormonal system of the chicken has
stimulated the development of the hierarchical follicles, the first ovulation
and hence oviposition of the first egg. The ovarian development is stimulated
by the photoperiod (day length) which is regulated by the lighting scheme
both in the rearing period (1-17 weeks of age) and in the hen house from
week 18 on. In the same period feed formulation also has a large influence
on sexual maturation (Whittow, 1999). Since the publication of Siplu (1990),
the arbitrary first DOL at 141 days of age may have changed as a result
of changes in genetic lines, housing systems, feed composition,. . . In figure
5.4 such a difference in sexual maturation between four commercial flocks of
laying hens is presented. The biological correctness of the first DOL is very
important from the model development point of view. For an accurate model
estimation, it is necessary to have data from the different model phases (see
the different models in the next section), for example the steep increase to top
production and the gradual decrease after top production of the EP trend.

Following this argumentation, the first DOL was defined empirically based
on a biological indicator: hen-day egg production. It was stated that when the
hen-day egg production exceeds 40 % it may be assumed that flock maturation
is imminent. In this way differences in rearing program, lighting scheme and
bird’s genetics are taken into account. Figure 5.4 illustrates the difference
between the arbitrary and the biological first DOL and hence the improvement
of the biological approach based on 4 datasets presented in chapter 3.

5.3.2 Models to describe the non-stationary process

Now that the time to start the modelling of the course of egg production
parameters is known, the mathematical models are given for the average
egg weight (EW), hen-day egg production (EP), feed (FE) and water (WA)
consumption, hen body weight (BW), % 2nd grade eggs (SG), dynamic
stiffness (KD) and transmission colour value (TCV). For the former six
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Figure 5.4. Comparison between the arbitrary - age of 141 days marked by the
vertical full line - and the biological - hen-day egg production > 40% marked with
the horizontal dashed line - first day of lay of four different commercial flocks of
laying hens in different housing systems (L.b & L.d = Battery Cages; L.e = Free
range; L.g=aviary). The presented data are the regression curves which were
fit on the raw EP data by means of a logistic regression. For representational
matters the raw data are left out in the graph.

parameters, the publication of Lokhorst (1996) is used as a basis. For
the latter two novel egg quality parameters, new mathematical models are
developed.

The models are developed on the available representative datasets by means of
the Gauss-Newton method (Nocedal and Wright, 1999), with the considered
parameter as dependent variable and the number of days in the laying
period as independent variable. Furthermore, for all available models, a
goodness-of-fit test was performed. This was done by comparing the following
measures: the mean relative percentage deviation modulus, P , the root
mean square error, RMSE, and the adjusted coefficient of determination,
R2
adj ,given below:

P =
100
N
·
∑ |yi − ŷi|

yi
[%] (5.10)

RMSE =

√
1
N

∑
(yi − ŷi)2 (5.11)

111



5 Modelling Non-Stationary Autocorrelated Processes

R2
adj = 1−

(
N − 1
N − p

) ∑
(yi − ŷi)2∑
(yi − ȳ)2

(5.12)

with yi the observation of the considered parameter on day i, ŷi the predicted
parameter value for day i, ȳ the average parameter value of the whole period,
N the total number of observations in the data series and p the number
of coefficients in the model. The relative percentage deviation modulus is
a robust (less sensitive to outliers) measure and a model is considered to
accurately describe the data when the mean relative percentage deviation
modulus (P ) is small (Lomauro et al., 1985). While the R2

adj indicates how
much of the variation in the data is explained by the model, the RMSE

provides an absolute error measure in the unit of the considered variable for
the difference between observed and predicted data (Kutner et al., 2005).

I. Average Egg Weight

The average egg weight (EW) is handled first because it is the most relevant
economic quality parameter. EW is a very commonly registered quality
parameter in practice. Many environmental problems (e.g. disturbance in
food supply, decrease of water quality, heat stress,. . .) that cause the animal
to go out of its physiological balance, are strongly reflected in EW (Cavalchini
et al., 1990).

Minvielle et al. (1994) showed the significance of the age dependent
increase of EW. It shows a fast increase during approximately the first 40
days of the laying period. This may vary between different flocks of hens. It
is followed by a period of about 10 days in which the rate of increase reduces,
and from around DOL 50 a seemingly gradual linear increase can be observed
(Lokhorst, 1996). Figures 5.7 (p.115) and 5.10 (p.122) show the typical course
of the average egg weight of different flocks of laying hens during a whole laying
period. Lokhorst (1996) proposed the following non-linear model:

EWt = a1 + b1 · rt [g] (5.13)

with a1 the maximum egg weight, the sum of a and b1 the initial egg weight at
the start of the laying period (b1 < 0), r the growth rate factor of the model
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5.3 From non-stationary processes to stationary data

(0 < r < 1) and t the age of the hens in DOL, with starting point t = 1 at an
effective hen age of 141 days (Siplu, 1990).

The goodness-of-fit of this model (P , R2
adj & RMSE) was investigated for

the available datasets. From this investigation it was proposed to modify the
model of 5.13 to:

EWt = a2 + c ·
√
t
−1

+ b2 · r
√
t [g] (5.14)

with a2, b2, r and t the same meaning as in the model of equation 5.13,
and c a controlling factor on the rate of increase of the egg weight. In this
model, the starting time for the model (t = 1) is at the age when hen-day egg
production is > 40%. The addition of coefficient c offers more flexibility in
describing the transition from the fast increase towards the more or less linear
behaviour near the end of the laying period. This is important for application
in a monitoring scheme. The effect of the different model coefficients on the
actual model trend is illustrated in figure 5.5.

The results of the goodness-of-fit investigation of both models (eq. 5.13 &

5.14) on all available datasets from the different flocks is presented in figure
5.6. The main problem in equation 5.13 is the smaller flexibility of the model
due to the larger influence of the hen’s age. So the improvement of model 5.14
lies in the fact that the smaller effect of age (root squared) and the addition
of a small linear part made the model more flexible which is important for
application in a control scheme. The square root reduction of the effect of the
age on the model is used in all other mathematical models as well.

Figure 5.7 illustrates both models on the standard for EW of Isa Brown®

laying hens. This standard is developed by the poultry breeding company
based on their own research and is used as a guideline for production results
of a flock of the concerned line of laying hens. The standard assumes
quasi-perfect production circumstances and represents the ideal curve for a
flock. In such a standard, weekly data are provided for EW. For example,
at a hen age of 23 weeks, EW should reach an average of around 56.4 gram,
while at an age of 55 weeks it should be around 64.7 gram (Hendrix-Genetics,
2005). Figure 5.7 shows the second model to better describe egg weight data
(with an average RMSE amelioration of ±0.16 equivalent to ±22 %, and an
average R2

adj of 0.96 versus 0.94, see figure 5.6). From the observed versus
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Figure 5.5. Illustration of the different influences of the coefficients involved
in egg weight model 2 (eq. 5.14). Every graph (a, b, c, d) presents the effect
of a change in one of the coefficients on the model while keeping the other
coefficients constant. The basic values for the coefficients are a = 75, c =
−4, b2 = −20 and r = 0.9. The changing values for the different parameters
were for a = 60, 70, 75, 80 and 90; for c = −1,−5,−10,−15 and -20; for b2 =
−10,−15,−20,−25 and -30; and for r = 0.80, 0.85, 0.90, 0.95 and 0.99.
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Figure 5.6. Graphical representation of the goodness-of-fit analysis of the two
mathematical models for post-hoc description of the average egg weight of the
available datasets of flocks of hens (chapter 3). Model 1 (proposed by Lokhorst
(1996)) is formulated in equation 5.13 and model 2 is formulated in equation 5.14.
For both models the goodness-of-fit was evaluated based on the mean relative
percentage deviation modulus (P ), the root mean square error (RMSE) and the
adjusted coefficient of determination (R2

adj).
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Figure 5.7. Representation of the fit of the two mathematical models on
the standard data for EW of Isa Brown® laying hens. Measures for the
goodness-of-fit of each model, i.e. the mean relative percentage deviation
modulus (P ), the root mean square error (RMSE) and the adjusted coefficient
of determination (R2

adj), are respectively: P = 0.6198%, RMSE = 0.4710g and
R2

adj = 0.9706 for Model 1 (eq. 5.13), while P = 0.2065%, RMSE = 0.1486g
and R2

adj = 0.9970 for model 2 (eq. 5.14).

predicted plot no systematic model errors were found. Model 5.14 is used in
the rest of this study.

Table 5.1 (p.123) gives an overview of the detailed results of the
goodness-of-fit investigation of the egg weight model (eq. 5.14). Figure 5.10
(p.122) provides some examples of the fitting of the model on EW data of
some of the available datasets.

II. Hen-Day Egg Production

The hen-day egg production (EP) shows a steep increase towards the peak
production at about the 30th to 50th DOL followed by a more or less plateau
phase with a stable production (persistent production). Thereafter, a gradual
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5 Modelling Non-Stationary Autocorrelated Processes

decrease is seen. The non-linear model used for describing the pattern of EP
is:

EPt =
100

1 + a · r
√
t
−
(
b+ c ·

√
t+ d · t

)
[%] (5.15)

with a, r, b, c, and d the model coefficients and t the age of the hens in
DOL. In this formula, the first part with coefficients a and r describes the
quick increasing phase. The second part consists of a second order polynomial
with coefficients b, c and d for describing the plateau phase and the gradual
decrease. This formula is a slightly adjusted form of the formula of Lokhorst
(1996): again, for application in a control scheme the age effect is reduced by
taking the square root (cf. the formula for EW). Figure 5.10 (p.122) shows
examples of the course of EP of a flock of laying hens during a whole laying
period. Furthermore table 5.1 (p.123) gives an overview of the detailed results
of the goodness-of-fit investigation of the EP model.

Remark. Looking at the values of the goodness-of-fit investigation, the
relative deviation modulus for every dataset is low (< 10%). So the model
accurately describes the trend. Yet looking at the RMSE and R2

adj of e.g.
L.d and L.h, these values, respectively 18.9 % and 15.5 % for RMSE and
0.060 and 0.123 for R2

adj , are very low. This indicates that the model error
is very high for these datasets. To a certain extent, it is not unexpected that
the post-hoc application of the non-linear model on the complete data series
provides a relative large error. The non-linear model is capable of describing
the general trend (indicated by P ), yet uncapable of capturing variation as a
result of smaller fluctuations in the trend, possibly as a result of problems, or
as a result of recording procedures. So for the post-hoc model application, the
value for P is the most important at this stage. The values of RMSE and
R2
adj provide an indication of the normal variation and hence data quality.

For example, the high variation for EP data of the mentioned flocks (L.d and
L.h) originates from the poor data quality of these particular data series (see
appendix B, p.282) as a result of poor management. This issue is discussed
again later in this work.
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5.3 From non-stationary processes to stationary data

III. Feed Consumption

The pattern of the daily feed consumption (FE) of laying hens starts with
a gradual increase in the beginning of the laying period and afterwards the
pattern can both gradually increase or decrease or a combination of both.
The gradual increase in the beginning was modelled by a restricted growth
curve and the second part by a second order polynomial. This resulted in the
following model:

FEt =
a

1 + b · exp−a·c·
√
t

+ d ·
√
t+ f · t [g/hen · day] (5.16)

Here a represents the horizontal asymptote of the restricted growth curve
(first part of the formula), b combined with a defines the feed consumption at
the start of the laying period (Y0 = a/(1+b)), c together with a represents the
speed of increase in feed consumption in the first phase, and d and f determine
the increasing or decreasing trend in the rest of the laying period. Again this
formula was basicly developed by Lokhorst (1996) but slightly modified by
taking the square root of the age.

Figure 5.10 (p.122) shows examples of the course of FE of a flock of laying
hens during a whole laying period. Table 5.1 (p.123) gives an overview of
the results of the goodness-of-fit investigation of the FE model. From table
5.1 it can be seen that the applied in a post-hoc way, the model has trouble
describing the data of M.d (P = 8.95) and L.a (P = 13.98). In general the
model error is quite high (low R2

adj and high RMSE) because of the high
variability of FE recordings (see appendix B), especially for data of the small
scale experimental flocks (S.ab) and of medium scale flock M.d.

IV. Water Consumption

The average water consumption (WA) displays a very similar pattern as the
feed consumption. Therefore, the same model (see eq. 5.17) is used to describe
the evolution, only the values of the model coefficients are different:

WAt =
a

1 + b · exp−a·c·
√
t

+ d ·
√
t+ f · t [ml/hen · day] (5.17)

117



5 Modelling Non-Stationary Autocorrelated Processes

Figure 5.10 (p.122) shows examples of the WA of a flock of laying hens during
a whole laying period. Table 5.1 (p.123) gives an overview of the results of
the goodness-of-fit investigation of the WA model. From table 5.1 it can be
seen that the model is able to describe all data (low P ) and that model error
is the highest for the small scale flocks S.ab and for flocks M.bd and L.e.

V. Hen Body Weight

The hen body weight (BW ) shows a fast increase in the beginning of the
laying period, described by a logistic growth curve, and a slow linear increase.
The course is similar to FE and WA data series and hence the model is also
similar to the one for FE and WA except for the second part (Lokhorst, 1996):

BWt =
a

1 + b · exp−a·c·
√
t

+ d ·
√
t [g] (5.18)

with coefficients a, b, c the same as in equation 5.16 and parameter d

representing the speed (slope) of the linear increase in the second phase.
Figure 5.10 (p.122) shows examples of the course of BW of a flock of laying
hens during a whole laying period. Table 5.2 (p.124) gives an overview of the
results of the goodness-of-fit investigation of the BW model. Table 5.2 shows
the model to describe the dataseries well.

VI. Percentage Second Grade Eggs

Lokhorst (1996) proposed a second order model to describe the trend of the
percentage of second grade eggs (SG). The SG eggs are usually higher in the
beginning of the laying period, it decreases towards mid-lay to increase again
towards the end of the laying period, mainly because of the increase of broken
eggs with reduced shell thickness and shell strength. The mathematical model
developed for description of this SG trend is:

SGt = a+ b ·
√
t+ c · t [%] (5.19)

where a represents the % SG at the start of the laying period and b and c

define the gradual decrease and increase. Figure 5.10 (p.122) shows examples
of the course of SG during a whole laying period. Table 5.2 (p.124) gives an

118



5.3 From non-stationary processes to stationary data

overview of the results of the goodness-of-fit investigation of the SG model.
The table shows that the average deviation modulus (P ) of SG is higher than
for the other models. For flocks S.a, M.b, L.e and L.h it was even higher
than 10 % (33.85, 29.24, 13.59 and 22.77 respectively). This indicates that
the model was unable to provide a good description of the course of these
data sets. Here a first indication is found that SG as it was registered in this
work, is not so interesting for use in a monitoring scheme.

VII. Dynamic Stiffness

The collected datasets of dynamic stiffness (KD) provided an ambiguous
picture. For some datasets the trend was strictly linear, slowly increasing
from the beginning of the laying period towards the end. For others, the
course displayed a bending point at about 250 to 300 days of lay after which
the KD reached a more or less stable plateau phase (see graphs in appendix
B, p.294). The reason for this ambiguity in trend is not quite clear at the
moment. Further research is necessary to check whether this phenomenon
might be related to factors like hen genetics or feed, or measurement related
factors.

The model developed to describe this trend is based on a sigmoid curve.
In this sigmoid curve, the model coefficient indicating the lower asymptote
of the curve is fixed to a constant value (9·104 N/m) well below the starting
values of KD observations (between 10 and 15·104 N/m). This semi-sigmoid
function is capable of modelling both the purely linear trend or the bended
trend with the plateau phase. The model for KD is:

KDt = Cte+
Cte− b

1 + expc−k·
√
t

[N/m] (5.20)

with Cte the constant defining the lower asymptote of the sigmoid curve
(9·104), b the difference between the lower asymptote and the upper
asymptote, c and k indicate the bending point (= −c/k) of the sigmoid
curve with k the exponential growth factor of the curve. Figure 5.8 shows
an example of the model based on the data of flock L.h. Also figure 5.10
(p.122) provides further examples of four datasets. From this it can be seen
that description of the data by the model is performed well.
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The effect of the different model coefficients is presented in figure 5.9.
Figure 5.10 (p.122) shows examples of the course of KD during a whole laying
period. Table 5.2 (p.124) gives an overview of the results of the goodness-of-fit
investigation of the KD model.
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Figure 5.8. Example of the model for dynamic stiffness based on the data of
flock L.h.

VIII. Transmission Colour Value

Investigating the available datasets of the transmission colour value (TCV),
the course was very similar to the course of the average egg weight with a
fast increase in the beginning of the laying period followed by a gradual linear
increase. This observation could be explained by the fading brown egg colour
and hence pigmentation content with increasing age of the hens. As discussed
in section 2.3, this fading brownness is caused by a depletion effect as a result
of the increasing egg size (Odabasi et al., 2007). The same model of EW was
also used for TCV:

TCVt = a+ b ·
√
t
−1

+ c · r
√
t [−] (5.21)

The effect of the different model coefficients is similar to that presented
for average egg weight in figure 5.5. Figure 5.10 (p.122) shows examples of
the course of TCV during a whole laying period and table 5.2 (p.124) gives an
overview of the results of the goodness-of-fit investigation of the TCV model.

120



5.3 From non-stationary processes to stationary data

180 180
(a) (b)

170

180

170

180

b = 0

150

160

4  N
/m

)

150

160

4  N
/m

)b = 0 

c = -1/m
)

/m
)

140

150

s 
(x

10
4

140

150

s 
(x

10
4 c  1

x1
04

N
/

x1
04

N
/

120

130

tif
fn

es
s

120

130

tif
fn

es
s

c = 1K
D

 (x

K
D

 (x

110

120s

110

120s

b = 50.104

0 100 200 300 400
100

days of lay
0 100 200 300 400

100

days of lay
( )

1 0

180
(c)

160

170

/m
)

)

140

150

x1
04  N

/

k = 0.05 

04
N

/m
)

130

140

fn
es

s 
(x

k = 0 005K
D

 (x
10

110

120st
iff k = 0.005 K

0 100 200 300 400
100

110

days of lay

Figure 5.9. Illustration of the different influences of the coefficients involved in
the dynamic stiffness model. Every graph (a b c) presents the effect of a change in
one of the coefficients on the model while keeping the other coefficients constant.
The basic values for the coefficients are b = 30 · 104, c = 0.5 and k = 0.01. The
changing values for the different parameters were for b = 0, 10, 20, 30, 40 and 50;
for c = −1,−0.5, 0, 0.5 and 1; and for k = 0.005, 0.01, 0.02, 0.03, 0.04 and 0.05.

121



5 Modelling Non-Stationary Autocorrelated Processes

100  150  

90

(%
) 140

n 
(g

)
)

70

80

uc
tio

n 

120

130

um
pt

io

(%
)

he
n.

da
y

60

70

g 
pr

od
u

L a
110

120

d 
co

ns
u

L c

EP
 

FE
 (g

/h

50

eg
g L.a

L.e
L.g 100fe

ed L.c
L.e
L.h

F

0 50 100 150 200 250 300 350
40

days of lay

 
M.c

0 50 100 150 200 250 300 350
90

days of lay

 
M.c

240  2000  

days of lay days of lay

220

230

(m
l) 1900

)

210

220

m
pt

io
n 

1800
gh

t (
g)

en
. d

ay
)

g)

190

200

co
ns

um

1600

1700

en
 w

ei
g

A 
(m

l/h
e

B
W

 (g

170

180

w
at

er
 c

L.a
L.d
L e 1500

1600he S.a
S.b
M b

W
A

0 50 100 150 200 250 300 350
160

170w

 

L.e
L.g

0 50 100 150 200 250 300
1400  

M.b
M.d

0 50 00 50 00 50 300 350
days of lay

0 50 00 50 00 50 300
days of lay

70

6

7
 

65

70

5

6

gs
 (%

)

60

t (
g)

)

3

4

ad
e 

eg

50

55

w
ei

gh
t

EW
 (g

)

SG
 (%

)

2

3

2nd
 g

r

L.b
L c

45eg
g 

L.b
L d

S

0

1
L.c
L.g
M.d

35

40
L.d
L.e
L.g

0 50 100 150 200 250 300 350
0

days of lay
0 50 100 150 200 250 300 350

35

days of lay

 

150

m
)

 

0.75

0.8  

140(1
04  N

/m

0.7

0.75

m
)

130ffn
es

s 

0 6

0.65

C
V 

[-]

x1
04

N
/m

120

m
ic

 s
tif

S.b 0.55

0.6TC

S.aK
D

 (x

110dy
na

m

L.g
L.h
M.d

0.5
S.b
M.c
M.d

0 50 100 150 200 250 300 350
days of lay

 
M.d

0 50 100 150 200 250 300 350
0.45

days of lay

 
M.d

Figure 5.10. Examples of the model fitting on four example data series of the
different production and egg quality parameters. These four example data series
were chosen out of all the available datasets and on the basis that they gave a
good illustration of the variability in the shapes of the curves that were observed.

122



5.3 From non-stationary processes to stationary data

Table 5.1. Summary - Part 1 - of the goodness-of-fit investigation for the post-hoc
application of the non-linear models on the available data series of the different
egg production and quality parameters (see chapter 3): P = deviation modulus
[%], to check if the model describes the data accurately (P should be small);
RMSE = root mean square error [Unit parameter ], provides an absolute error
measure for the difference between observed and predicted data; R2

adj = adjusted
coefficient of determination, indicates how much of the variation in the data is
explained by the model.

Flock P RMSE R2
adj Flock P RMSE R2

adj

Egg Weight (g)

S.a 0.40 1.09 0.844 L.b 0.04 0.36 0.989
S.b 0.49 0.86 0.922 L.c 0.81 0.77 0.924
M.a 0.44 0.75 0.962 L.d 0.23 0.57 0.974
M.b 0.31 0.73 0.961 L.e 0.07 0.69 0.980
M.c 0.61 0.58 0.964 L.f 2.21 0.92 0.962
M.d 0.21 0.67 0.959 L.g 0.73 0.61 0.969
L.a 0.69 0.80 0.927 L.h 0.16 0.51 0.976

Hen-Day Egg Production (%)

S.a 0.17 6.5 0.244 L.b 0.31 6.7 0.373
S.b 0.86 5.1 0.378 L.c 3.40 6.6 0.352
M.a 1.12 4.4 0.802 L.d 9.83 18.9 0.060
M.b 0.99 4.2 0.654 L.e 1.71 2.9 0.877
M.c 1.97 3.1 0.754 L.f 7.34 10.7 0.520
M.d 1.00 6.9 0.348 L.g 2.41 3.3 0.880
L.a 1.19 1.4 0.930 L.h 3.05 15.2 0.123

Feed Consumption (g/hen·day)

S.a 6.87 5.3 0.027 L.c 1.34 4.1 0.616
S.b 4.76 6.5 0.082 L.d 1.20 6.3 0.201
M.c 0.41 3.0 0.540 L.e 0.28 5.7 0.754
M.d 8.95 18.4 0.010 L.f 0.70 9.8 0.270
L.a 13.98 8.8 0.189 L.g 1.78 6.2 0.264
L.b 2.49 6.9 0.264 L.h 1.09 5.5 0.301

Water Consumption (ml/hen·day)

S.a 3.08 17.1 0.084 L.b 4.39 12.5 0.305
S.b 3.11 17.2 0.017 L.c 1.43 6.7 0.738
M.a 1.64 13.4 0.326 L.d 0.48 12.9 0.148
M.b 3.27 25.2 0.255 L.e 5.94 19.8 0.118
M.c 1.77 7.5 0.276 L.f 0.98 7.8 0.434
M.d 1.12 10.1 0.039 L.g 0.81 7.0 0.172
L.a 0.85 10.2 0.638 L.h 0.94 10.3 0.251
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5 Modelling Non-Stationary Autocorrelated Processes

Table 5.2. Summary - Part 2 - of the goodness-of-fit investigation for the post-hoc
application of the non-linear models on the available data series of the different
egg production and quality parameters (see chapter 3): P = deviation modulus
[%], to check if the model describes the data accurately (P should be small);
RMSE = root mean square error [Unit parameter ], provides an absolute error
measure for the difference between observed and predicted data; R2

adj = adjusted
coefficient of determination, indicates how much of the variation in the data is
explained by the model.

Flock P RMSE R2
adj Flock P RMSE R2

adj

Hen Body Weight (g)

S.a 2.98 35.0 0.441 M.b 0.83 24.4 0.933
S.b 3.60 28.3 0.731 M.d 1.08 18.0 0.930

2nd Grade Eggs (%)

S.a 33.85 5.4 0.241 L.b 2.85 0.5 0.634
S.b 1.30 5.2 0.140 L.c 9.20 0.3 0.682
M.a 8.11 1.6 0.172 L.d 8.06 2.3 0.347
M.b 29.24 1.3 0.325 L.e 13.59 0.9 0.749
M.c 0.50 2.8 0.127 L.g 3.48 0.6 0.834
M.d 1.72 1.8 0.416 L.h 22.77 2.0 0.249

Dynamic Stiffness (104 N/m)

S.a 1.71 4.24 0.827 M.d 1.36 5.69 0.575
S.b 0.05 4.43 0.808 L.a 2.08 4.46 0.826
M.a 2.25 5.20 0.774 L.g 1.15 4.03 0.407
M.b 4.02 5.16 0.777 L.h 4.30 3.69 0.899
M.c 4.19 5.18 0.774

Transmission Colour Value (-)

S.a 3.23 0.015 0.522 M.c 0.82 0.013 0.704
S.b 1.69 0.015 0.532 M.d 0.81 0.015 0.753
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5.3 From non-stationary processes to stationary data

5.3.3 Residuals as a stationary time series

To illustrate the aim of the application of the mathematical trend models
discussed here before, an example is given. The model for EP is applied
post-hoc, meaning after all data are available, to the EP data series of flock
L.g (see chapter 3). This model describes the age dependent trend in the
EP data series. The estimated model is given in equation 5.22 and shown in
figure 5.11.

EPt =
100

1 + 9.51 · 0.17
√
t
−
(

23.86− 4.36 ·
√
t+ 0.24 · t

)
(5.22)
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Figure 5.11. Post-hoc application of the trend model of the EP data of flock L.g
to obtain a stationary data series.

The estimated trend is subtracted from the original data series. The
resulting residuals were re-investigated for accordance with the cusum
assumptions. The assumption checking was done using the same diagnostics
as in section 4.3. The results are shown in figure 5.12.

From these figures it can be seen that the residual data series displays
stationarity (graph a) and that it is nearly normally distributed (graphs
b and c). Only a minor deviation from normal distribution seems to be
present, probably as a result of actual out-of-control observations. Yet, from
the autocorrelation function (graph e) it can be seen that the residuals of
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Figure 5.12. Graphical diagnostics for the assumptions testing for the residuals
after post-hoc trend subtraction of the hen-day egg production data of flock L.g.
(a) Residual data with overall mean. (b) Histogram. (c) Normal probability
plot. (d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.

EP display significant autocorrelation. The cause for this autocorrelation
structure is handled in detail in chapter 7. At this point, it is sufficient to
indicate the clear autocorrelation present in the residual data after trend
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5.4 Eliminating the autocorrelation in the residual data

detection. Because of the autocorrelation, a second data treatment is
necessary before a cusum control scheme can be applied to these residuals.
This autocorrelation issue is dealt with in the next section.

5.4 Eliminating the autocorrelation in the

residual data

With the development of the trend models in the previous paragraphs,
stationarity of the data series is achieved. The next issue, before a cusum
control scheme can be applied, is to check for the possible presence of
autocorrelation. Autocorrelation in data can result from the sampling
method, technical aspects or managerial aspects.

It was mentioned in section 5.2 that autocorrelation can be solved by
using time series models. For stationary time series, ARMA models can be
used to describe the autocorrelation structure. In this section, the estimation
of such ARMA models is described. Besides, some specific obstacles for
the ARMA model development in the egg production and the intelligent
monitoring context are discussed.

5.4.1 Effect of ignoring autocorrelation

The performance of a cusum control chart decreases dramatically when
autocorrelation is present. Montgomery (2005) indicated that with an
autocorrelation value between two successive observations of 0.25 and higher,
the false alarm rate of a control chart is increased significantly. In a negatively
autocorrelated process the common cause variation is overestimated resulting
in too wide limits. This results in a decreased detection rate. In a positively
autocorrelated process the common cause variation is underestimated,
resulting in too narrow limits. This causes an increased false alarm rate.
Furthermore, the risk of misinterpretation of the information present in the
data is high (Wieringa, 1999; del Castillo, 2002).

To compensate for these undesired autocorrelation characteristics, as
for the stationarity issue, another EPC technique can be applied. The
autocorrelation structure of the data can be modelled by means of a time
series model (AR, MA or ARMA), as proposed by Hawkins and Olwell (1998),
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5 Modelling Non-Stationary Autocorrelated Processes

del Castillo (2002) and Montgomery et al. (2008).

5.4.2 Estimation of time series models for autocorrelated

residuals

To model the course of stationary time series ARMA, AR or MA models are
used. The background of such models was presented in section 5.2.1. In this
section, the method to fit the ARMA models is discussed.

The data series dealt with in this work practically always contain
missing values. Only theoretically it might be possible to have a perfect
production without out-of-control situations and to have daily recordings on
all parameters. In real life egg production the occurrence of imperfect datasets
can be caused by many events: the farm manager does not collect eggs on
Sundays, the farm manager registers a certain parameter only a couple of
times per week (like mortality or % 2nd grade eggs), due to electronic failure
no data for feed and/or water consumption are recorded for 1 or more days,
etc. Furthermore, the aim of this work is to develop a tool for monitoring
production and detecting problems. The next chapter explains that the
developed models (both trend and ARMA models) should only be based on
in-control observations omitting the out-of-control points. In other words, the
data series will contain missing values in virtually any case.

Estimation of ARMA models on times series with missing values

To estimate the coefficients of ARMA models on time series with missing data,
two principles are generally used. Either the missing values are reconstructed
or interpolated and the model is fit on the new equidistant data, or estimation
methods are used that only use the actual observations (Broersen et al.,
2004a). The reconstruction methods only give acceptable results for very
small missing fractions (Broersen et al., 2004b). In this work, it was chosen
to use only the real observations.

The estimation method for this approach has to be robust for the unequal
spacing in between observations resulting from the presence of missing values.
The work of De Waele (2003), Broersen et al. (2004a,b) and Broersen and
Bos (2006) advised estimating the ARMA model coefficients directly to
the available observations by using Maximum Likelihood (ML) estimation.
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5.4 Eliminating the autocorrelation in the residual data

Broersen et al. (2004b) stated that estimating ARMA models using the ML
method gives considerably better performance than reconstructing missing
data and estimating the model from the reconstructed signal. Furthermore,
Montgomery et al. (2008) indicated that the ML method is also attractive
for its capability of modelling more complicated autocorrelation structures
(higher order ARMA models). The basics for the application of this method
in the field of ARMA estimation were first published by Jones (1980).

In general, a ML method uses the probability density function (pdf) of
the error terms of a model to estimate the model coefficients. This method
chooses those values of the coefficients so that the distribution of the error
terms (or residuals) of the resulting estimated model, are most consistent
with the known pdf of the error terms. For each observation, the error term
is calculated and the density of this error term in the pdf is defined. The
likelihood function of the observations is the product of all these individual
densities. The values of the model coefficients that maximize this likelihood
function are the ML estimates (Kutner et al., 2005).

The underlying probability function of the error terms is sometimes known,
but in most cases it has to be estimated from the available data. For
development of ARMA models in time series with missing values, Jones
(1980) developed an exact estimator using a Kalman filter and Broersen
et al. (2004b) used an approximate estimator by fitting an AR model
directly on the available observations. Both estimators have almost the
same result, yet the approximate estimator performs better when less then
10 % of the data remains (Broersen, 2006). Both approaches are based
on the fact that the parameters of an AR process completely determine
the autocorrelation function of a stationary time series (Priestley, 1981).
Using this autocorrelation function it is possible to define an autocovariance
matrix which can be used to calculate the probability density function. For
more information on the complete procedure on this ML estimation, refer to
Broersen et al. (2004b).

Based on this ML estimator algorithm, Broersen (2006) presented a
procedure which automatically selects the best time series model for a time
series with missing data. The developed procedure is available as a Matlab®

algorithm called ARMAsel mis and as a part of a toolbox 1 (Broersen, 2008).

1The toolbox is called ”ARMAsel for Irregular or Missing Data”
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5 Modelling Non-Stationary Autocorrelated Processes

The algorithm consists of three steps. First, possible AR models are estimated
and based on these AR models, MA and ARMA models are estimated. Next,
the best model orders are defined to select the most accurate AR, MA and
ARMA model. Finally, the type of model (AR, MA or ARMA) most suitable
for the considered data is selected using a generalized information criterion
(GIC).

This ARMAsel mis algorithm is used for modelling the autocorrelation
structure of the residuals of the different egg production and quality
parameters after subtracting the age dependent trend. After subtraction of
the obtained ARMA model, the corrected residuals are independent and can
be introduced into a cusum control scheme.

5.4.3 Obtaining stationary and independent residuals

In order to model the autocorrelation structure present in the residuals
after trend detection, an ARMA model is estimated and the autocorrelation
structure is filtered off by subtracting the ARMA model from the residuals.
The calculation of the resulting (stationary and independent) corrected
residuals depends on the kind of autocorrelation, being positive or negative.

The straightforward calculation of the corrected residuals (analogously to
the approach in the trend model) by subtracting the estimated ARMA model
from the residuals, only provides good performance of the cusum control chart
in case of negative autocorrelation. In case of positive autocorrelation, the
cusum chart performs badly and possibly even worse than the Shewhart chart
(Ryan, 1991; Longnecker and Ryan, 1992; Wieringa, 1999).

To illustrate the problem, consider an AR(1) model, with model coefficient
φ, describing the autocorrelation structure in the residuals of the trend
model. As long as the process is in-control, the series of corrected residuals
approximates the real model error of the time series model. For a certain time
point t, the corrected residual satisfies:

ecorr,t = et − êt ≈ εt (5.23)

with εt the real model error. Now suppose a shift ∆ = δσe is occurring at
a certain time point tc. The elements of the series of corrected residuals,
{ecorr,t}, satisfy:
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5.4 Eliminating the autocorrelation in the residual data

ecorr,t ≈


εt for t < tc

εt + δσe for t = tc

εt + (1− φ)δσe for t > tc

(5.24)

From this it can be seen that in case of positive autocorrelation, φ > 0, only a
fraction of the shift in e is transferred to the residuals of the time series model,
ecorr, after the time point of the shift tc. On the contrary, with φ < 0 the
shift is magnified. As a result it can be expected that the control chart of the
corrected residuals performs worse on data with a positive autocorrelation.
Therefore, Wieringa (1999) suggested to calculate the corrected residuals for
both cases as follows.

I. Corrected residuals for negative autocorrelation

In case the residuals display a negative autocorrelation structure, the
ARMAsel mis algorithm provides the suitable ARMA(p,q) model. Using this
model, the corrected residuals in the negative autocorrelation case, e−corr, are
calculated from:

e−corr,t = et − êt (5.25)

with et the residuals after subtracting the trend model and êt the prediction
of these residuals by means of the ARMA model. If the developed time series
fits the residuals well, the corrected residuals are approximately uncorrelated
(Wieringa, 1999) and a cusum control chart can be constructed for the
corrected residuals.

II. Corrected residuals for positive autocorrelation

In case the residuals display a positive autocorrelation, Wieringa (1999)
suggested to modify the corrected residuals from equation 5.25 as follows:

e+
corr,t = et − êt + φ̂tµ̂e,t (5.26)

with φ̂t the estimator of the autocorrelation coefficient until time t and µ̂e,t

the estimator for the mean of the uncorrected residuals e until time t. The
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performance of the control chart based on these modified corrected residuals
largely depends on the estimator of the mean of the residuals, µ̂e,t. This
estimator has to adapt quickly to persisting changes in the mean due to the
presence of special causes. The arithmetic mean of the observations would
not be a good solution (Wieringa, 1999).

Mean estimator, µ̂e,t. According to Wieringa (1999), the mean of the
uncorrected residuals is well estimated by an Exponentially Weighted Moving
Average (EWMA) statistic. Such an EWMA approximately mimics the mean
value of the uncorrected residuals. The idea of the EWMA-based estimator
of the process mean was studied by several researchers including Box and
Jenkins (1976), MacGregor (1988), Box and Kramer (1992), Ingolfsson and
Sachs (1993), Butler and Stefani (1994), Yashchin (1995), del Castillo (1999)
and Patel and Jenkins (2000). Yet, most publications handle the estimation of
a first-order IMA process. Indeed, Montgomery (2005) stated that it could be
expected that many processes that obey first-order dynamics (IMA processes)
to be well presented by the EWMA. The latter author consequently added
that the EWMA may be used as the basis for a monitoring procedure that is an
approximation of the exact time-series model approach, which was proven by
amongst others, Hawkins and Olwell (1998), Montgomery (2005) and Box and
Paniagua-Quiñones (2007). Wieringa (1999) used the EWMA for estimation
of an AR(1) process. Therefore, Wieringa (1999) performed various simulation
studies in which he compared the ARL performance of control charts for
corrected residuals of positively correlated AR(1) processes (calculated as
suggested in eq. 5.26) with two different estimators for the process mean:
a regular moving average and the EWMA. He concluded that the charts with
the EWMA estimator of the process mean had a better ARL performance
compared to the chart with the regular moving average estimator. As a result,
he used this EWMA estimator for both the AR(1) and IMA(1,1) processes
discussed in his work.

In this work, AR, MA and ARMA processes of higher orders were obtained.
To date few information is available on the performance of an EWMA
estimator for ARMA and higher order models. In this work, it is assumed
that the characteristics of the EWMA estimator still provides acceptable
estimation of mixed and higher order time series models. Hence, the EWMA
estimator is used in an attempt to obtain an acceptable estimator.
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5.4 Eliminating the autocorrelation in the residual data

The EWMA statistic as an estimator for µ̂e,t at time t is denoted by Wt

and is calculated from:

Wt = (1− λ)Wt−1 + λet (5.27)

with λ the EWMA smoothing parameter (0 < λ < 1), and W0 = 0. For the
choice of λ, Wieringa (1999) suggested to use a value of λ in the range of
[0.01, 0.15], with a higher value in this range for detecting smaller shifts. In
this work a value of λ = 0.10 was used.

Autocorrelation estimator, φ̂t. The estimator for the autocorrelation
coefficient φ̂t poses a next difficulty in this work. It is actually the same
issue of higher order time series models. Wieringa (1999) worked out a
solution by means of simulation and for the case that the autocorrelation
structure can be described by AR(1), MA(1) or IMA(1,1) models. He directly
used the model coefficients of the AR(1) or MA(1) model for the estimate
φ̂ as this is a direct estimate of the ACF. To estimate the autocorrelation
coefficient needed in equation 5.26, it was chosen to calculate the ACF from
the uncorrected residuals and use the ACF estimate at lag 1. Although this
estimator is not optimal, it comprises a considerable part of the information
on the autocorrelation structure present in the uncorrected residuals.

5.4.4 Corrected residuals as a stationary and independent

time series

To illustrate the application of the time series models for handling the
autocorrelation characteristics in the stationary residuals, an ARMA model
was developed post-hoc for the residuals of the EP data of flock L.g (shown
and evaluated in figure 5.12). This ARMA model was defined using the
ARMAsel mis algorithm. The optimal resulting time series model, shown
in figure 5.13, was a AR(7) model given by:

yt =δ + 0.17 · yt−1 − 0.03 · yt−2 − 0.23 · yt−3

− 0.23 · yt−4 − 0.11 · yt−5 + 0.06 · yt−6 − 0.41 · yt−7 + εt
(5.28)
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5 Modelling Non-Stationary Autocorrelated Processes

The estimated model describing the autocorrelation in the data is
subtracted from the residuals. The resulting corrected residuals were
re-investigated for accordance with the cusum assumptions. The results are
shown in figure 5.14.

From these figures it can be seen that the data series of corrected residuals
displays stationarity (graph a), that it is nearly normally distributed (graphs
b and c) and that no significant autocorrelation is present any more (graph d
and e). The minor deviation from normal distribution is probably the result
of actual out-of-control observations.
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Figure 5.13. Post-hoc application of the AR(7) model on the residuals of the EP
data of flock L.g to obtain a stationary and independent data series.
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Figure 5.14. Graphical diagnostics for the assumptions testing for the corrected
residuals after post-hoc subtraction of the autocorrelation structure of the
residuals of the hen-day egg production data of flock L.g. (a) Corrected residual
data with overall mean. (b) Histogram. (c) Normal probability plot. (d)
Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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5.5 Summary

In this chapter, a sequence of models approach with first a trend model to
obtain stationary data and second a time series model to obtain stationary
and independent data, is presented. Figure 5.15 summarizes the philosophy of
this approach. After the corrective measures, the cusum assumptions should
hold for corrected residual data series. The application of the models was done
post-hoc, after all data were collected. For monitoring purposes it is necessary
to perform the sequence of models estimation in an ad-hoc or online way as
new observations become available. The introduction of the online or recursive
model estimation is presented in the next chapter.

ARMA(p,q) 
model

Traditional 
CUSUM 

Chart

Common
(random)
causes

Special 
(assignable) 

causes

Trend model

(Autocorrelated)

(Non-stationary)

Y e ecorr

(Autocorrelated)

(Stationary)

(Uncorrelated)

(Stationary)

Figure 5.15. Schematic overview of the sequence of models approach for
monitoring non-stationary autocorrelated data. Figure modified from del
Castillo (2002) p.114.
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Chapter 6

Recursive Model

Estimation for Online

Modelling

There is no harm in repeating a good thing.

Plato

6.1 Introduction

The previous chapter presented the application of a sequence non-linear and
time series models to obtain stationary and independent data out of the
non-stationary and autocorrelated raw process data. The application of these
models, as presented in chapter 5, was done post-hoc or offline, meaning after
the whole time series of observations was obtained. The aim of this work is
to detect process aberrations by monitoring the process making use of the
principles and tools of SPC. To do so, it is necessary to perform the model
development in an ad-hoc or online way. This means that the model has to
be updated by using the information from newly acquired observations. As
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6 Recursive Model Estimation for Online Modelling

such, the principle of recursive model estimation is applied: each time a new
measurement is performed, the model coefficients are re-estimated. For the
explanation of this online concept, again the example data series of EP data
of flock L.g are used.

6.2 Online trend detection

The general philosophy of the online model estimation algorithm is as follows.
For the first model estimation, a reference period of n observations (the choice
of n is discussed in section 7.2) is chosen. When observation n + 1 becomes
available, the model parameters are re-estimated and the new model is fit on
the n+1 data points. This method was chosen over the recursive least squares
(RLS) method (del Castillo, 2002) because the proposed model is non-linear
in its coefficients. Furthermore, since maximum five model coefficients (see
section 5.3.2) have to be estimated and the datasets are relatively small
- maximum about 450 data points corresponding with a laying period of
maximum 450 days - the computation time for repeated parameter estimation
is acceptable. Figure 6.4 shows a comparison between the offline and the
online trend detection.

In the framework of process monitoring and aberration detection, it is
important that the online trend detection accurately describes the actual
trend in the data. In practice, a certain model error and hence loss of accuracy
on the trend detection is inevitable. To optimize trend detection accuracy and
robustness (for outliers), the model based trend detection is guided by means
of a weighted and a constrained estimation of the model coefficients.

6.2.1 Weighted model estimation

The actual course of the observations is always subject to fluctuations. In case
of an optimal controlled production (best case scenario), the observations will
scatter around the expected non-linear trend described by the mathematical
model. However, in practice all process parameters are subject to a larger
amount of fluctuation. To a certain degree, the online model development
for trend detection is able to deal with these fluctuations. Especially in the
beginning of the production period, when smaller amounts of observations
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6.2 Online trend detection

are available, the online approach is able to describe these fluctuations. As
more observations are collected, the trend detection becomes less sensitive for
the fluctuations in the data. This results in a higher incidence of under- or
overestimation, especially when the fluctuations are greater. In this case the
control chart will have poor performance as well.

A solution to deal with this and hence to make the trend detection more
flexible, is to use a weighting filter in function of time. Until now the trend
detection uses all observations to estimate the model. In other words, equal
weight is given to all past data. By reducing the weight of past data, the
model estimation can be focused on the period of most interest, the most
recent data.

The weighting is performed by introducing weights to the model error
which is used in the estimation procedure of the model coefficients. The basic
idea is that in this way the points with a higher weight can influence the model
coefficient estimates the most, while the observations with a lower weight (old
observations) have less influence. To illustrate the objective of weighting,
figure 6.1 shows an example in which all observations x ≤ 1 were assigned a
weight of 0.1 and all observations x > 1 were assigned a weight of 1 1.
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Figure 6.1. Example of a weighted model estimation. For x ≤ 1 the weight is
0.1, and for x > 1 the weight is 1. The model y = exp(β0 · (β1 + x)) is fit to the
data.

This approach is somewhat similar to the suggestion of Ostyn et al. (2006)
who proposed to use a local linear model. Yet, in this application using only

1Creation of this figure is available from http://www.mathworks.com/support/

solutions/data/1-18DGY.html?solution=1-18DGY

139



6 Recursive Model Estimation for Online Modelling

the last 28 observations would cause failure to converge in the estimation of
the non-linear model coefficients. The coefficients of most of the non-linear
models, presented in section 5.3.2, often represent actual observations of the
trend. For example for the EW model, coefficient a represents the maximum
egg weight, the sum of coefficients a and b represent the initial egg weight at
the start of the laying period (b < 0) and r represents the speed of increase
in the beginning of the lay (see eq. 5.14 p.113). So the information on the
starting phase (first observation) and the increase rate (first n observations)
is necessary for estimation of the model coefficients.

Therefore, a weighting filter was designed taking these considerations into
account. Based on the available data, it was defined empirically that the
observations of the last month (28 observations) provide a representative and
robust trend estimation for allowing problem detection. So the actual designed
weighting filter allocates a relative weight of 1 to the 28 last observations.
To have the important information on the beginning of the laying period, a
weight of 0.5 is given to the observations in the reference period [1 : n] (see
section 7.2). The observations in between get a weight of zero meaning that
they do not influence model estimation. Figure 6.2 shows a general graphical
representation of the weighting filter at a certain time point t.
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Figure 6.2. Graphical representation of the weighting filter used for the weighted
parameter estimation of the models for trend detection.
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6.2.2 Constrained model coefficient estimation

The knowledge of the different age related trends has enabled researchers
to develop the non-linear models to describe this trend. This knowledge also
provides more or less the limits of the range in which the values of the different
parameters should fall. Limits for the range of the model coefficients were
therefore defined. Doing so prevents outlying observations from causing the
optimization of the coefficient estimation algorithm to fail, which might result
in unsatisfactory models.

The coefficient bounds were defined empirically based on the available flock
data, the data of Lokhorst (1996) and data from the management guides
of different commercial lines (e.g. Isa Brown®, Isa Warren®, Lohmann
Brown®, Hy-Line Brown®,. . .). Table 6.1 provides an overview of the bounds
that were set per coefficient of each model. Figure 6.3 shows the estimated
trend by means of the model and illustrates the objective of the constrained
parameter estimation. Further graphical illustrations of these limits for the
other egg parameters are shown in chapter 7.

Example. As an example, the guided model estimation algorithm was
applied to the EP data series of flock L.g. Figure 6.3 shows the resulting
model including the used contraints.
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Figure 6.3. Illustration of the objective of the constrained model development
for hen-day egg production. The coefficient estimation of the online model
development is bound by the dashed curves.
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Table 6.1. Upper and lower bounds for the constrained model coefficient
estimation of the different egg production and quality parameters. lb = lower
bounds; ub = upper bounds.

Coeff. EW EP FE WA BW SG KD TCV

a lb 60 0.5 100 200 1700 1 0.5
ub 90 5 140 240 2500 10 1

b lb -50 5 0 0 0.05 -2.5 0 -5

ub -10 30 1 1 1 -0.01 5·104 0

c lb -50 -5 -0.01 -0.01 5·10−6 1·10−4 -1 -5

ub 0 -1 0.01 0.01 1·10−4 0.5 1 0

d lb 0.1 -5 -5 -30
ub 0.3 5 5 30

f lb -0.3 -0.3
ub 0.3 0.3

r lb 0.4 0.3 0.2
ub 0.99 0.7 0.99

k lb 0.005
ub 0.05

6.2.3 Online versus offline trend model estimation

To illustrate the effect of the online (guided) model estimation method, figure
6.4 shows the comparison of the trend obtained by the online model estimation
approach (from figure 6.3) and by the offline approach (from figure 5.11).
Furthermore, the goodness-of-fit of both models was investigated by means of
the RMSE from equation 5.11 and R2

adj from equation 5.12. The online model
had an RMSE of 3.0 % versus 3.3 % for the offline model, and an R2

adj of
0.90 versus 0.81 for the offline model. The online approach results in a better
trend detection which is necessary for successful detection of aberrations.
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Figure 6.4. Comparison of the trend estimation by means of the offline and the
online approach (including all data).

6.3 Online elimination of autocorrelation

With this online approach for trend detection, a significant different trend
is subtracted from the observations (see figure 6.4). As a result, also the
residuals have different values. Therefore, it is necessary to re-investigate the
residual data for conformity with the cusum assumptions. Furthermore, the
autocorrelation properties are discussed in more detail.

6.3.1 Online residuals as a stationary time series

The observations and the estimated trend for the EP data of flock L.g can
be seen in figure 6.3. As for the offline case, the online trend detection aims
at achieving stationarity in the egg production parameter data series. The
assumption check for the resulting residuals is shown in figure 6.5.

From these figures it can be seen that the residual data series displays
stationarity (graph a) and that it is nearly normally distributed (graphs
b and c). Only a minor deviation from normal distribution seems to be
present, probably as a result of actual out-of-control observations. From the
autocorrelation function (graph e) it can be seen that the residuals of EP
display a significant negative autocorrelation structure. Recall that in the
offline case mainly a positive autocorrelation was present. This was caused
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6 Recursive Model Estimation for Online Modelling

by the inaccuracy of the trend detection by the offline model approach. The
online model approach provides residuals with a more correct autocorrelation
structure.
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Figure 6.5. Graphical diagnostics for the assumptions testing for the residuals
after trend subtraction of the hen-day egg production data of flock L.g. (a)
Residual data with overall mean. (b) Histogram. (c) Normal probability plot.
(d) Scatter plot (yt, yt+1). (e) Plot autocorrelation function.
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6.3 Online elimination of autocorrelation

6.3.2 Explaining the autocorrelation structure

Autocorrelation in data can result from the sampling method, technical
aspects or managerial aspects. Furthermore, it has to be noted that in this
work a part of the autocorrelation structure is possibly introduced into the
data as a result of the trend detection procedure.

In the previous section it was already mentioned that the offline trend
removal resulted in mainly positive autocorrelated residuals, while the
residuals resulting from the online trend removal mainly showed negative
autocorrelation (figure 6.5). The positive autocorrelation in the offline
residuals is caused by the inaccurate trend description.

Although the online algorithm provides more accurate trend detection, a
certain level of error is still present. Namely, it is inherent to the manner
in which the online trend detection is performed that a slight ”phase shift”
is introduced. As a result, the model can show a slight ”delay” compared
to the actual course of the data. This model artefact results in a positive
autocorrelation of the residuals and will be a bigger issue in case serious
fluctuations are present in the data as a result of problems. Furthermore, as it
is inherent to the trend modelling approach, it will occur in all parameters for
which trend detection is necessary, yet in some cases this model artefact based
autocorrelation will be camouflaged by a superposed technical or managerial
autocorrelation source.

To investigate the autocorrelation structure of the residual EP data usually
the autocorrelation function (ACF, see 4.2.1 p.83) and the power spectral
density (PSD) function are used. A PSD function shows the power (strength)
of the variations as a function of frequency. In other words, it shows at
which frequencies variations are strong and at which frequencies variations are
weak. Using a PSD supports the understanding of the correlation structure
of the time series data since it provides information about the frequency
content of the stochastic process behind the EP residuals and it helps to
identify periodicities (Montgomery et al., 2008). Figure 6.6 presents the
ACF (up to a lag of 20 days or approximately three weeks) and the PSD
function of the residual EP data of flock L.g. In the PSD graph, the X-axis
denotes the frequencies at which the variations occur. In this particular
case, the maximum frequency of 0.5/day originates from the fact that the
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6 Recursive Model Estimation for Online Modelling

egg production data are collected with an interval of one day. Since it is
necessary to have minimum two observations to know the periodicity of a
certain oscillation in the data, the highest variation oscillation which can be
detected is that oscillation with one complete period in two days: one per two
days or 0.5 per day. Lower X-values indicate oscillations with longer periods,
e.g. 0.2/day equals one period of the oscillation in 5 days. The Y-axis of
the PSD graph denotes the relative amplitude (power or energy) at a certain
frequency.
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Figure 6.6. ACF function (left) and PSD function (right) of the residuals of the
example EP data series of flock L.g

From the graphs in figure 6.6 it can be seen that the residuals of the EP
data mainly display higher frequency components (> 0.25/day) as a result
of a negative correlation structure at lag 1 (or one day). In other words,
lower (higher) observations of hen-day egg production are usually directly
(one day later) followed by higher (lower) observations. This is probably
related to the management decisions of the layer manager. In order to have a
good estimation of the actual productivity of his flock of hens, the layer farm
manager has to collect the eggs each day at the same time. The consistency
of the implementation of this directive depends on his management decisions.
Nevertheless, the normal duration of egg collecting from large layer flocks
influences daily production numbers as well. So even if the eggs are collected
at exactly the same hour every day, there is considerable variation in the total
number of collected eggs and hence the autocorrelation properties observed in
the data always occur and are inherent to the daily egg collecting procedure.
Moreover, due to the large dependence on management decisions and aspects
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6.3 Online elimination of autocorrelation

of flock sizes, collecting system,. . ., each dataset of hen-day egg production
will show different autocorrelation properties.

This management effect on the estimation of the productivity is related
to the biological process of egg development. In this process, the time
from ovulation of an ovum to the oviposition of an egg theoretically ranges
from a bit more than 24 hours to 28 hours. Ovulations occur on several
successive days. The number of eggs laid on these days is called a sequence,
and each sequence is followed by a pause of one or more days on which
no egg is laid. The longer the sequence, the shorter the duration of the
ovulation-oviposition cycle. The delay between the oviposition of successive
eggs in a sequence is variable but with an orderly time shift between the
successive days, characterised by ’lag’ and ’cumulative lag’ period (Whittow,
1999). Since this cycle is hen specific, in practice a large variation in the cycle
between hens of the same laying flock is observed (Icken et al., 2008).

The importance of the influence of management on the autocorrelation
structure of the EP data can be illustrated with the example dataset of flock
L.g. From the log file it was clear that egg collection was usually performed
at about the same hour every day (between 8 and 9 am), except for Sundays
when the collection was significantly later (about 10-11 am). This explains
the significant negative correlations at lag 6 (1 week), 13 (2 weeks) and 20 (3
weeks) (see figure 6.6). Further investigation of the PSD function revealed a
maximum frequency peak at about 2 days interval (0.43/day), meaning a high
value of today is followed by a high value in 2 days. Other important peaks
are the ones at a frequency of about 4 days (0.28/day), 7 days (0.14/day) and
a very slow movement at a frequency of 256 days (0.0039/day). The latter
movement is caused by the model artefact slightly under- or overestimating
the data.

6.3.3 Online ARMA model estimation

To correct the online residuals for the negative autocorrelation, a time series
model is estimated. In analogy with the development of the trend model, the
ARMA model has to evolve as new observations become available. In contrast
with the online trend detection, no guided model estimation by weighting and
bounds is performed.

Assume that an ARMA(1,1) model accurately describes the autocorrelation
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6 Recursive Model Estimation for Online Modelling

structure of the residuals of a parameter. In general, at a certain hen age of
t DOL, the ARMA model is fit through the (in-control) data from the time
points DOL 1 to DOL t− 1 and based on this model a prediction is made to
correct the residual on time point t DOL. The equation for the online model
approach for predicting the residual at time t is:

êt = δt−1 + φt−1et−1 + εt − θt−1εt−1 (6.1)

with êt the prediction of the residual at time t, δt−1, φt−1 and θt−1 the model
coefficients based on the (in-control) observations until DOL t−1, and εt and
εt−1 the error terms. The estimated residuals are entered into equation 5.25
or 5.26 to calculate the corrected residuals which can be introduced into the
cusum control scheme.

6.3.4 Online corrected residuals as a stationary and

independent time series

The sequence of models algorithm was applied to the EP data of flock L.g.
The resulting time series model for correction of the negative autocorrelation
in the residuals was an AR(7) model. The model is given in equation 6.2 and
shown in figure 6.7.

yt =δt + 0.21 · yt−1 + 0.01 · yt−2 − 0.14 · yt−3 − 0.15 · yt−4

− 0.06 · yt−5 + 0.12 · yt−6 − 0.43 · yt−7 + εt
(6.2)

To illustrate the objective of the time series model, figure 6.8 shows the
follow-up of figure 6.6. The left graph of figure 6.8 illustrates the improvement
of the independence assumption by comparing the ACF functions of the
uncorrected and the corrected residuals. The right graph of 6.8 shows how
the developed model filters off the undesired frequencies in the time series
of uncorrected residuals (which are a result of the variation on the inter
oviposition time-interval and management decisions).

The ARMA(7,0) model in equation 6.2 (figure 6.7) is actually the final model
of the algorithm, meaning the model based on the observations of the complete
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Figure 6.7. Graphical representation of the developed ARMA(p,q) model to
describe the correlation structure of the residual EP data of flock L.g.
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Figure 6.8. Illustration of the effect of the ARMA corrective data adjustment of
the residuals. Left. Normalized PSD functions of the uncorrected residuals and
the ARMA model. Right. ACF functions of the uncorrected and the corrected
residuals.

data series. Yet, in the online approach, the ARMA model is re-estimated
every time a new observation is recorded. As a result, it is possible that
the orders of the ARMA(p,q) model changes in function of time (as new
observations become available). Figure 6.9 shows the evolution of the orders
of the model in function of time. Likewise, the actual autocorrelation can
change in function of time, yet the figures of the ACF, like the one shown in
figure 6.8, is based on the complete data series. In the remainder of this work,

149



6 Recursive Model Estimation for Online Modelling

only the final ARMA(p,q) model and ACF are used for explanations (chapter
7).
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Figure 6.9. Overview of the evolution of the orders of the ARMA(p,q) model
which was developed to model the autocorrelation structure in the example EP
data series of flock L.g.

6.4 Summary

In this chapter the sequence of models approach for treating egg process
data for process control was extended towards an online or recursive model
estimation approach. This online approach was applied in both the trend
detection and modelling of the autocorrelation structure.

So far, no ”control” procedure was applied. It was assumed that the used
example was completely in-control. This was merely done to illustratively
support the description of the sequence of models approach. In the next
chapter, a control procedure based on the cusum control scheme is introduced
to come to an ”intelligent” online algorithm. This means that only the
observations which are evaluated as being in-control by the cusum control
scheme are used to develop the sequence of models.
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Chapter 7

Cusum Charts for the Egg

Production Process

To solve the problems of today, we must focus on
tomorrow.

Erik Nupponen

7.1 Introduction

In this chapter, a control procedure based on the cusum scheme is added
to the algorithms presented in chapters 5 and 6. This SPC technique
provides the online algorithm with a level of ”intelligence”1. Using the online
approach the algorithm ”learns” from the previous observations, and with
the cusum scheme discriminating between normal variation and special cause
variation only in-control observations are included in the development of the
sequence of models (trend model and ARMA). So schematically, figure 5.15

1The term ”intelligence” in the framework of this work refers to using the information

of the available data to make a statistical distinction between in-control and out-of-control

observations.
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Figure 7.1. Schematic overview of the synergistic control approach for monitoring
non-stationary autocorrelated data. Figure modified from del Castillo (2002)
p.114.

can be updated to figure 7.1. In this chapter first the working principle of
the intelligent monitoring algorithm is explained. Next, control charts are
designed for the different egg production and quality parameters. Thirdly,
attention is paid to dealing with data containing large deviations.

7.2 The ”intelligent” monitoring algorithm

The working principle of the intelligent online algorithm can be summarized
as follows. In Phase I the algorithm needs a series of n real observations
(omitting missing values) to perform a first model estimation (both trend
model and ARMA). Therefore a reference period of 21 days [y1 : y21] or 3
weeks is chosen. Most literature indicates that about 20 to 25 observations
are needed for the first phase of a control chart development (Devor et al.,
1992; Hawkins and Olwell, 1998; Montgomery, 2005). In case of missing values
within this reference period, it is extended with a number of days equal to
the number of missing values. Based on these observations the non-linear
trend model is estimated and the residuals [e1 : e21] are calculated as shown
in equation 5.9. In case the considered parameter displays autocorrelation, an
ARMA model is fit on these residuals to correct for the autocorrelation and the
corrected residuals [ecorr1 : ecorr21 ] are then calculated from equation 5.25 or
5.26, depending on the nature of the autocorrelation. It was chosen to develop
these ARMA models up to a lag of 7, corresponding to the observations of the
preceding week. The (corrected) residuals are then introduced into a cusum
scheme to detect possible out-of-control observations. If any out-of-control
observations are detected, these observations are discarded from the reference
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7.2 The ”intelligent” monitoring algorithm

period and the model(s) is re-estimated. This loop is repeated until all
out-of-control points are removed. As such, the initial estimates of model
coefficients and in-control variance σ0 are available.

In Phase II, the online recursive calculations start. When the 22nd

observation y22 is recorded, the reference trend model is used to make a
prediction ŷ22 for this observation. The predicted value is compared to the
actual observation from which the residual e22 can be calculated (eq.5.9).
In case of autocorrelation, the reference ARMA model is used to make a
prediction ê22 for this residual and the corrected residual ecorr22 is calculated
(eq.5.25 or eq.5.26). This (corrected) residual is inserted into the cusum
scheme (based on σ0) and if no alarm is given, observation y22 is included in
further model and in-control variance estimations. As a matter of fact, before
a new observation is recorded, the model coefficients (both trend model and
ARMA) and the in-control variability σ0 are re-estimated (updated) including
observation 22. If, on the other hand, the residual of observation 22 causes a
cusum alarm because being out-of-control, observation y22 is excluded from all
further calculations. In case no new observation was recorded (y22 =missing
value), the values for the cusums and the decision interval are taken equal
to the values of the previous or last non-missing observation (C+

22 = C+
21;

C−22 = C−21; H22 = H21). This loop is repeated for all recorded observations or
when new observations become available. Figure 7.2 summarizes the working
of this algorithm.

The control chart which is constructed in this way (examples are given in
figures 7.8, 7.10, 7.12, 7.14, 7.16, 7.18, 7.20, 7.22) consists of a double graph.
In the upper graph the observations of the considered parameter are plotted
as function of the age of the hens (in days of lay) together with the estimated
trend. The estimated trend as such consists of the predicted trend model
values, based on the in-control observations. In the lower graph, the actual
cusum scheme is given: positive and negative cusum, the control limits and a
clear indication for the out-of-control observations.

To illustrate the effect of the introduction of ”intelligence” by means of
the cusum control scheme, figure 7.3 shows an example of a trend detection
with the cusum scheme included (intelligently estimated trend) and without
the cusum scheme included (generally estimated trend), based on the feed
consumption data of flock L.a. The figure shows that without the cusum
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Figure 7.2. Flowchart of the different steps for the construction of cusum control
charts of the egg production and quality parameters.
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guidance, the trend estimation is bent by the deviating observations (in the
intervals DOL 25-50, DOL 100-150 and DOL 180-240). The practical design
of the actual control chart is discussed in the next section and the control
chart itself is discussed in detail in section 7.3.5.
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Figure 7.3. Illustration of the effect of the ”intelligence” for the trend estimation
by removing out-of-control data points.

7.3 Design of the cusum control charts

In this section, first the different egg production process parameters are
assigned to the different presented cusum control charts. Then, some
considerations about the setting of the different cusum parameters are
discussed. Next, cusum control charts are designed and presented for each
egg production and quality parameter. Each design is presented by means
of a practical example out of the available datasets presented in chapter 3
and each step is illustrated graphically. Moreover, the cusum assumptions of
the (preprocessed) data are re-investigated for each parameter. Finally, the
performance of the resulting control chart is discussed.

7.3.1 Assignment of the different control charts

In chapter 4 three different cusum control charts were introduced: the cusum
chart for a normal mean (section 4.2.1), for binomial data (section 4.2.2)
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7 Cusum Charts for the Egg Production Process

and for normal variance (section 4.2.3). These three types were specifically
introduced because the set of egg production process parameters that were
monitored in this work, contains parameters that display the statistical
properties related to the respective charts. Table 3.2 (p.74) provides an
overview of the different process parameters.

Cusum chart normal mean. Most of the egg production process
parameters are continuous variables: average egg weight, feed consumption,
water consumption, hen body weight, dynamic stiffness and transmission
colour value. Purely theoretically, data of the hen-day egg production and
the second grade eggs, both expressed as percentage, belong to the category
of discrete data and should rather be modelled by the binomial distribution
(explanation see section 4.2.2). Yet, for the application of the cusum scheme
on the corrected residual data of EP and SG in this work, they are considered
to be continuous normally distributed. For the development and estimation
of the non-linear models to describe the age dependent trend in EP and SG,
Lokhorst (1996) already used the normality approach. Furthermore, also
earlier publications on model development for EP and SG (Adams and Bell,
1980; McMillan, 1981; McMillan et al., 1986; Sugimoto et al., 1986; Yang et al.,
1989; Cason and Britton, 1988; van Horne et al., 1991) used the normality
approach. For none of these references, this approach, although theoretically
discussable, seems to give any problems. As will become clear in this work
as well, the normality assumption approach for EP and SG does not provide
problems concerning violations against the assumptions for the cusum chart
for a shift in normal mean. So, monitoring of EW, FE, WA, BW, KD, TCV,
EP and SG is done using the cusum chart for shift in a normal mean as
presented in section 4.2.1.

Cusum chart binomial data. The data on daily mortality are discrete
data. Under normal process conditions, MO meets the conditions for the
binomial distribution (fixed sample size, only two levels namely death or alive,
the mortality probability is fixed and chickens are statistically independent
(Hawkins and Olwell, 1998)). So, monitoring of MO is done by means of the
cusum chart for binomial data as presented in section 4.2.2.

Cusum chart normal variance. The two novel egg quality parameters, KD
and TCV, are defined on individual eggs of samples. As a result, information
about the dispersion of the KD and TCV values, both continuous normally
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distributed variables, is available. So, the monitoring of the variability of the
KD and TCV measurements, defined by the sample variance, is done by the
cusum chart for normal variance as presented in section 4.2.3.

7.3.2 Setting the cusum parameters

The theoretical basis for the design of a cusum control chart was presented in
section 4.2. In this section, more practical considerations are explained.

At the initial stage of the design of a control chart, objectives based on
practical considerations should be set. The choice of such objectives has
implications on the setting of the cusum parameters. During the development
and validation of the chart it can then be checked whether the practical
objectives are realistic.

The shift in mean that should be detected for each process parameter
is a fixed objective. These practical objectives were postulated based on
the consultation of the different layer farm managers and experts. For the
novel quality parameters, shifts were defined empirically based on own data
(not presented). Table 7.1 provides an overview of the desired shifts. In the
following sections, where the cusum charts for the different parameters are
presented, it will become clear if these objectives are realistic.

Table 7.1. Overview of the shifts which were set as being practically desirable
at the beginning of the control chart development. + = focus on upward shifts;
− = focus on downward shifts; ± = focus on both upward and downward shifts.

Parameter Shift Parameter Shift

MO + 0.10 % SG + 2.0 %

EW - 0.5 g KD - 5·104 N/m
EP - 1-2 % TCV + 0.010
FE ± 5 g/hen·day Var KD + 0.25σ0

WA ± 5 ml/hen·day Var TCV + 0.25σ0

BW - 20 g

Because of farm specific properties of the collected data series - e.g.
management influence on time of egg collection and hence on the hen-day egg
production data, influence of the working principle of the automatic feeding
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7 Cusum Charts for the Egg Production Process

system on the feed consumption registration,. . . - the settings of the cusum
parameters and the performance of the cusum chart is farm specific.

In general, the design of a cusum control scheme, viz. setting the cusum
parameters and performance objectives, follows the next procedure (Hawkins
and Olwell, 1998; Montgomery, 2005):

1. Choose the reference value K in function of the shift to detect;

2. Set an acceptable value for the average run length ARL (both
in-control ARL0 and out-of-control ARL1);

3. Calculate the decision interval H based on the ARL values.

Designing control charts always comes down to finding a balance between
the speed of detection of a certain desired shift and avoiding abundant
false alarms. In function of these two contradictory competing objectives,
the cusum parameters have to be chosen. In this work, the choice of the
parameters is primarily driven by the objectives on the desirable shifts to
detect (table 7.1).

Since the calculation of K and H is different for the cusum chart for a shift
in normal mean ( for EW, EP, FE, WA, BW, SG, KD and TCV), a probability
shift of binomial data (for MO) or a shift in spread data (for variation of KD
and TCV), the calculations are handled separately.

I. Control chart for shift of normal mean

The main basis for setting the cusum parameters is the information about
the normal (common cause) variation. The sensibility of the control chart for
a shift of normal mean depends on the in-control variation. In general it is
hard to tune a control chart for detection of a shift which is small relative
to the normal variation. The larger the shift (in multiples of the common
cause variation), the closer the performance of the control chart is to the
theoretical design. In other words, with a high ratio ∆/σ0 between the desired
shift to detect (∆) and the common cause variation (σ0), the desired shift
is detected more quickly and with the expected false alarms rate. In the
following paragraphs, the reference value K, the average run lengths and the
the decision interval H for the cusum control chart for a shift of normal mean
are defined consecutively.
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Reference value. Cusum control scheme calculations accumulate deviations
above (or below) a certain target which are larger than the reference value K
(see eq. 4.1 and eq. 4.2). The value of K is calculated from:

K = kσ0 (7.1)

with σ0 the common cause variation of the parameter for which the cusum
is calculated. The setting of the value for k, also called the tuning cusum
parameter (Hawkins and Olwell, 1998), depends on the shift of mean which
one wants to detect. In general the relation between k and the shift ∆ for
which a control chart is designed, is given by:

∆ = 2kσ0 (7.2)

In theory, when considering a certain production process, after monitoring
the process for a while ample process data has been collected to provide a
good estimation of the common cause variation σ0. In the specific case of the
production process of consumption eggs, each considered process parameter
has a different common cause variation. Furthermore, the common cause
variation per process parameter is different for each monitored flock of laying
hens, as a result of for instance measurement accuracy (e.g. average egg
weight) or management aspects (e.g. hen-day egg production). Moreover,
the common cause variation can change during the production process.
Consequently, when designing cusum control charts for egg production it
would not be optimal to use one single fixed value for k. Yet, the shift for a
considered process parameter (table 7.1) which should be detected is the same
for every monitored flock of hens. So in fact, the reference value K should be
kept constant and the value for k should be adjusted in function of σ0. Using
equations 7.1 and 7.2, the reference value K for the cusum control charts for
detecting a shift in the normal mean can be calculated from:

K = kσ0 =
∆

2σ0
σ0 =

∆
2

(7.3)

Given the desired shifts to detect (table 7.1), table 7.2 shows the reference
values for the different process parameters for which this type of control chart
is used.
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Table 7.2. Overview of the reference values (K) for the different parameters
given the postulated shift to detect (∆).

Parameter ∆ K Parameter ∆ K

EW [g] - 0.5 0.25 BW [g] - 25 12.5

EP [%] - 1 0.5 KD [104 N/m] ± 5 2.5
FE [g/hen·day] ± 5 2.5 TCV [-] + 0.025 0.0125
WA [ml/hen·day] ± 5 2.5

Average run length. The next step in the development of the control
chart is the choice of the ARLs. The run length is the number of observations
between a certain starting observation and an observation which causes an
alarm. Whereas the in-control ARL0 - indicating the average time between
false alarms - should be long enough, the out-of-control ARL1 - time until an
alarm is given after a shift of the process - should be short enough. In general,
increasing the objective for the false alarm rate ARL0 also increases the time
to detect ARL1. On the other hand, when ARL0 is lowered to have a faster
detection rate ARL1, the number of false alarms is increased considerably
(Hawkins and Olwell, 1998; Montgomery, 2005).

In this work, the value for the in-control ARL0 was set to 30 which
corresponds to a false alarm rate of one per month. Furthermore, it was
stated that it would be desirable to detect the defined shifts (ARL1) within
2 days after occurrence of the special cause leading to the shift. The effect of
this choice for the ARLs on the value for the decision interval and the minimal
detectable shift is discussed in the next paragraph.

When designing a two-sided cusum (C+ and C−), the combined ARL -
this holds for both ARL0 and ARL1 - depends on the ARL of both one-sided
cusums:

1
ARL

=
1

ARL+
+

1
ARL−

(7.4)

For example, for a two sided ARL0 of 30, both one-sided cusums need to be
designed for an ARL0 of 60. The same holds for the out-of-control ARL1: the
two one-sided cusums have to be designed for an ARL1 of 4.
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Decision interval. A cusum control chart generates a signal when the
calculated cusum(s) are larger than the decision interval H. The value for
H can be calculated from:

H = hσ0 (7.5)

with σ0 the common cause variation of the parameter for which the cusum is
formed. As mentioned in the argumentation for defining the reference value,
this common cause variation alters in function of the process parameter, the
monitored layer flock and the time in the laying period. So, analogous to
the value for k, the value for h is altered in function of the common cause
variation σ0. Depending on de combination of a certain σ0 and a certain h,
a specific ARL0 and ARL1 can be achieved. In this work, it was aimed to
achieve the postulated desired shifts to detect (table 7.1) with a two-sided
in-control ARL0 of 30. Simultaneously, a two-sided out-of-control ARL1 of 2
was desirable.

To investigate how the value of h changes in function of σ0, and
consequently also how ARL1 changes in function of σ0, a simulation was
carried out using the ANYGETH software2. More specific, the simulation
study investigated the values of the out-of-control ARL1 and h as function
of the the ratio ∆/σ0 (with ∆ the desired shift to detect), given a two-sided
in-control ARL0 of 30. Figure 7.4 provides the graphic representation of
the relation between this ratio and the value of the out-of-control ARL1

(left graph) and h (right graph) respectively. The data behind the graphs
of figure 7.4 (given in appendix A), were introduced as look-up tables into the
algorithms for the construction of the control charts for EW, EP, FE, WA,
BW, SG, KD and TCV.

From the left graph of figure 7.4 it can be seen that the postulated settings
for the ARLs can be achieved with a ∆/σ0 ratio of ≈ 1.25. From the right
graph it can be deduced that at this ratio, the value of h has to be set at
≈ 2. Furthermore, these graphs indicate that higher ratios - lower σ0 - result
in faster detection and that for lower ratios - higher σ0 - the price of slow
detection is paid.

Based on the results of this simulation, it is possible to calculate a

2For more information see section 4.2.1 p.80
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Figure 7.4. Simulation graphs of ARL1 (left) and h (right) values as function of
the ratio between the desired shift ∆ of normal mean to detect and the common
cause variation σ0 at an in-control ARL0 of 30. The graphs were defined using
ANYGETH aiming at ARL0 of a one-sided cusum of 60.

recommended value of the common cause variation from σ0 = ∆/1.25. This
recommended ratio is required to achieve detection of the postulated shifts
within 2 days and with an average false alarm rate of 30 days. Table 7.3 gives
the recommended values for the common cause variation.

Table 7.3. Overview of the recommended common cause variation (σ0) for the
different parameters given that ARL0 = 30 and ARL1 = 2.

Parameter ∆ σ0 Parameter ∆ σ0

EW [g] - 0.5 0.4 BW [g] - 25 20

EP [%] - 1 0.8 KD [104 N/m] ± 5 4
FE [g/hen·day] ± 5 4 TCV [-] + 0.025 0.02
WA [ml/hen·day] ± 5 4

Different cusum sensitivities. For several egg production and quality
parameters, it is desired to create a different sensitivity for the separate
one-sided cusums of a two-sided cusum scheme. Table 7.1 indicates for which
deviation the highest sensitivity is required. For example, for EP it is more
important to signal downward shifts (’-’ sign before the shift of EP in table
7.1). Upward EP shifts should only be signalled in case they are the result
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of more extreme values. The reason for keeping a two-sided cusum with
different sensitivity is because these extreme (erroneous) observations, which
could point to measurement error, system problems,. . . , should be signalled
on both the downward and the upward side of the cusum. In order to achieve
a different cusum sensitivity, the shift ∆ to detect and the decision interval
value h on the less critical side is set two times their respective values of the
most critical side. As a result of the change of ∆, the reference value K alters
according to equation 7.3.

II. Control chart for binomial data

For the data of daily mortality (MO) a variable cusum parameter setting is
not necessary. For MO a one-sided cusum (C+) for binomial data is designed.
It was defined that an upward shift in dying probability of 0.1 % should be
detected. This calculation is based on the commercial standard for cumulative
mortality (e.g. Hendrix-Genetics (2005)): 9 % cumulative mortality in a whole
laying period gives an in-control probablity for mortality π0 of about 0.1 %
per day of the laying period (350 to 400 days). It would be desirable to signal
an increase in mortality to the out-of-control π1 = 0.2 % with ARL1 ≈ 2 and
ARL0 ≥ 30.

The reference valueK+ can be calculated by entering π0 and π1 in equation
4.6 and the decision interval H+ can be defined using ANYGETH. The
sensibility of the cusum chart for binomial data depends largely on the sample
size n. A simulation with different flock sizes was performed to investigate
the effect on h-values and on the ARL1. The results are shown in figure 7.5.
From the figure it can be concluded that for sample sizes (flock size) of at
least 5000 hens, the detection goal of 2 days for a shift in probability of 0.1
% can be achieved.

III. Control chart for variance shift

Similar to the MO, a fixed target for detection of a variance shift can be set.
A one-sided cusum (C+) is designed for the detection of a shift in the normal
variance of the dynamic stiffness (KD) and the transmission colour value
(TCV). It was postulated that it would be desirable to detect an upward shift
of normal variance of a quarter of the in control standard deviation (0.25σ0)
(see table 7.1). The sensitivity of the cusum chart for normal variance largely
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Figure 7.5. Simulation graphs of ARL1 (left) and h (right) values in function of
the sample size n for an upward shift in the probability for success (mortality)
of binomial data from π0 = 0.001 to π1 = 0.002. The graphs were defined using
ANYGETH aiming at ARL0 of a one-sided cusum of at least 30. These graphs
were used for the construction of the control chart for MO. (The data on which
the figure is based are given in appendix A.)
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Figure 7.6. Simulation graphs of ARL1 (left) and h (right) values in function of
the sample size n for an upward shift in the variability from σ0 to σ1 = 1.25σ0.
The graphs were defined using ANYGETH aiming at ARL0 of a one-sided cusum
of at least 30. These graphs were used for the construction of the control chart
for variability of KD and TCV. (The data on which the figure is based are given
in appendix A.)

depends on the sample size n. With a desired ARL0 ≥ 30, a simulation
with different sample sizes was performed for an upward shift of the standard
deviation from σ0 to σ1 = 1.25σ0

3 to investigate the effect on h-values and on

3Remember that the cusum for normal variance presented in section 4.2.3 is based on

the sample variance, so the shift is from σ2
0 to σ2

1 = 1.252σ2
0 .

164



7.3 Design of the cusum control charts

the ARL1 (which should be ≤ 2). Using equation 4.8, K+ can be calculated
and H+ was defined using ANYGETH. From figure 7.6 it can be seen that
with a sample size of over 25 eggs, a number that is met without any problem
in this study, the detection goals can be achieved.

7.3.3 Control chart for average egg weight

Note on the presentation of the control charts. To illustrate the
different EPC steps involved in the preprocessing of the data prior to the
actual construction of the cusum control chart, plots of the raw data together
with histograms and autocorrelation functions of the (corrected) residuals are
given. Remember for the ARMA model and the ACF, that the results of the
final ARMA model and the complete in-control data series are presented.

In the discussion of control charts, only important or main problems are
handled. An important problem is defined by the fact that a cusum alarm
is followed by consecutive alarms. Although in theory, it cannot be excluded
that also single alarms represent a problem. Furthermore, with the cusum,
a scheme with a memory, the probability of an alarm representing a real
problem is expected to be higher than with the classical Shewhart chart. Yet,
in practice, it is advised not to try to overcontrol the process (Montgomery,
2005), and hence it was chosen to discuss only periods of subsequent alarms.

I. Data preprocessing steps

The example control chart for EW was developed based on the data of
flock L.e. Graph (a) of figure 7.7 shows the raw EW data, the estimated
trend developed by means of the intelligent trend detection using the
non-linear model for EW, and the boundaries imposed by the model coefficient
constraints (see section 6.2.2). Graph (b) provides the residuals after
subtracting the estimated trend. From this graph it can be seen that these
residuals seem to be stationary. Graph (c) shows the histogram of the
in-control residuals for visualizing normal distribution. Graph (d) shows the
autocorrelation function - based on the whole in-control data series - of these
residuals. Although the normality assumption seems to hold, there is an
autocorrelation structure present in the data. The final time series model
which was estimated to correct for this autocorrelation structure present in
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the raw residuals, is shown in graph (e). The corrected residuals are shown
in graph (f), and from graphs (g) and (h) it can be seen that the normal
distribution still seems to be valid and that the autocorrelation is removed.

Explaining the autocorrelation. The positive correlation found in
the residuals of the EW data is the result of a combination of the natural
positive correlation between subsequent egg weight measurements and the
model artefact discussed in the first paragraph of section 5.4.

II. Control chart performance

The control chart of the EW data of flock L.e is given in figure 7.8. The upper
chart shows the raw EW data and the estimated trend detection (cf. graph
(a) in figure 7.7). The lower chart is the cusum control chart. The control
chart gave a signal at DOL 34 and 36 as a result of the decreasing egg weight
as can be seen in the curve. The alarms are given at a weight decrease of
about 0.7 g which exceeds the desired weight shift to detect of 0.5 g. This
decreasing egg weight was caused by a bad feed delivery. After investigation
of the feed composition in that period, the particle size was unusually large in
comparison to prior feed deliveries. As a result the birds ate less causing the
egg weight to drop more than 0.5 g. The poor feed quality was noted in time
so the average egg weight increased again within a week. No further signals
are given by the control chart.

III. Flock specific cusum parameters

In this paragraph the common cause variation σ0 for EW data of the available
datasets is investigated. Based on this investigation and the graphs of figure
7.4, the values for ARL1 and h are defined. The estimate of the common
cause variation σ0 was defined from the variability of the corrected residuals
of the in-control observations. The results are shown in table 7.4. These
results are average values for the complete data series. Remember that in
practice, these values vary in time. From this table it can be seen that for
most flocks the recommended common cause variation, indicated in table 7.3,
can be achieved, which is also reflected in the overall mean σ0 for the residuals
of EW of 0.3 g.
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Table 7.4. Overview of the approximate common cause variation (σ0 [g]) of
the datasets on EW, the ratio with the desired shift to detect (0.5 g) and the
resulting cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 0.5 1.0 2.4 2.6 L.b 0.2 2.6 0.9 1.0
S.b 0.5 1.0 2.4 2.6 L.c 0.3 1.7 1.5 1.3
M.a 0.4 1.4 1.8 1.6 L.d 0.3 1.9 1.5 1.2
M.b 0.4 1.2 2.0 2.0 L.e 0.3 1.8 1.4 1.1
M.c 0.4 1.3 1.9 1.8 L.f 0.3 1.6 1.7 1.5
M.d 0.4 1.4 1.9 1.8 L.g 0.2 2.4 1.0 1.0
L.a 0.4 1.4 1.9 1.8 L.h 0.3 1.6 1.6 1.4

σ̄0 = 0.3
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Figure 7.7. Overview of the different data pretreatment steps made to the EW
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
residuals, e; (c) histogram e; (d) ACF e; (e) residuals and ARMA model; (f)
corrected residuals, ecorr; (g) histogram ecorr; (h) ACF ecorr.
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7.3.4 Control chart for hen-day egg production

I. Data preprocessing steps

The example control chart was developed based on the EP data of flock L.g.
Figure 7.9 presents the different stages for the development of the control chart
thereby clarifying the synergistic control approach. After trend detection, the
raw residuals (7.9 (b)) show normality (7.9(c)) and a negative autocorrelation
(7.9 (d)). The time series model for autocorrelation correction is shown in
graph (e). Graphs 7.9 (g) and 7.9 (h) indicate that the normality and the
independence assumptions hold for the corrected residuals. So, as mentioned
in section 7.3.1, although theoretically rather binomially distributed, the
normality approach for EP does not give problems for the corrected residuals
that are used in the cusum scheme.

Explaining the autocorrelation. The source for the negative
autocorrelation structure in the EP data are managerial aspects related to
the daily time of egg collection. This was already discussed in section 6.3.2
p.145.

II. The cusum control chart

The control chart of the EP data of flock L.g is given in figure 7.10. The
control chart produces four important alarms on days of lay 186, 247, 349
and 375. The first alarm (DOL 186 to 188) was generated by the transition
to the second phase feed. Some days before there was also a clear reduction
in feed intake.

The second alarm (DOL 247 to 250) was caused by a wrong feed
formulation. Afterwards it was elucidated that the vitamin content of the
feed was insufficient and also resulted in a drop of the average egg weight.
For the next important alarm (DOL 349 to 351) no reference was found in
the log. In the weekly evaluation this laying percentage was marginally lower
than the week before, yet this did not worry the farmer as the egg production
decreases towards the end of the laying period.

The last range of alarms (DOL 375-377) occurred in the final days of
the laying period and were probably caused by the less good collecting
management in this busy period at the end of production.
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The single alarm at DOL 236 was not confirmed by consecutive alarms.
In the chart two consecutive (235 and 236) lower observations could be seen
at this time, yet the production numbers were normal again after these two
recordings.

Visual inspection of the raw data reveals no undetected problems and also
the farmer’s log did not mention any extra problems.

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series and
the corresponding ratio and cusum parameters are presented in table 7.5. The
table shows that the recommended common cause variation of 2 % was only
achievable in flock L.a, and almost in L.e and L.g.

For flocks L.bdfh, the higher common cause variation resulted in wide
limits and slow detection. The very large σ0 was probably caused by inferior
management. These flock managers carried out poor management on the
timing of daily egg collection. As a result, also the EP data display a very
high variation as can be seen from the graphs shown in appendix B.

Table 7.5. Overview of the approximate common cause variation (σ0 [%]) of the
datasets on EP, the ratio with the desired shift to detect (2 %) and the resulting
cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 4.5 0.4 5.0 13.0 L.b 6.5 0.2 5.0 13.0
S.b 5.2 0.2 5.0 13.0 L.c 3.9 0.3 5.0 13.0
M.a 4.3 0.2 5.0 13.0 L.d 11.4 0.1 5.0 13.0
M.b 3.1 0.3 4.5 9.6 L.e 2.1 0.5 3.6 6.0
M.c 2.8 0.4 4.5 9.6 L.f 6.4 0.2 5.0 13.0
M.d 4.8 0.2 5.0 13.0 L.g 2.5 0.4 4.0 7.0
L.a 0.9 1.1 2.1 2.1 L.h 11.8 0.1 5.0 13.0

σ̄0 = 5.0

171



7 Cusum Charts for the Egg Production Process

0 100 200 300
-15

-10

-5

0

5

10

15

20

days of lay

re
si

du
al

 E
P 

(%
)

0 50 100 150 200 250 300 350
10

20

30

40

50

60

70

80

90

100

110

days of lay

EP
 (%

)

 

 

Estimated trend
Bounds

-20 -10 0 10 20
0

10

20

30

40

50

60

corrected residual EP (%)

co
un

t

-20 -10 0 10 20
0

20

40

60

80

100

residual EP (%)

co
un

t

0 1 2 3 4 5 6

-0.2

0

0.2

0.4

0.6

0.8

1

lag

rh
o

 

 

95% CI

0 1 2 3 4 5 6

-0.2

0

0.2

0.4

0.6

0.8

1

lag

rh
o

 

 

95% CI

0 100 200 300
-10

-5

0

5

10

15

days of lay

co
rr

ec
te

d 
re

si
du

al
 E

P 
(%

)

0 100 200 300
-15

-10

-5

0

5

10

15

20

days of lay

re
si

du
al

 E
P 

(%
)

 

 

Estimated ARMA model

(a)

(c)

(e)

(g)

(b)

(d)

(f)

(h)

Figure 7.9. Overview of the different data pretreatment steps made to the EP
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
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7 Cusum Charts for the Egg Production Process

7.3.5 Control chart for feed consumption

I. Data preprocessing steps

The example control chart was developed based on the FE data of flock
L.a. Figure 7.11 presents the different stages for the development of the
control chart. The raw residuals (7.11 (b)) show normality (7.11 (c)) and a
positive autocorrelation (7.11 (d)). The time series model for autocorrelation
correction is shown in graph (e). Graphs 7.11 (g) and 7.11 (h) indicate that the
normality and the independence assumptions seem to hold for the corrected
residuals.

Explaining the autocorrelation. The negative autocorrelation
structure of FE data is caused by technical aspects of existing poultry feeding
systems. More specific, the registration of the daily feed consumption is
performed indirectly. To clarify this, a practical example is given based on
a Fancom® system (Fancom, 2009). Consider a standard system with four
feeding lines in a hen house with 20 000 hens each eating 120 gram of feed
on average. Each of these lines is equipped with a provision reservoir or
a so called ”hopper”. Such a hopper usually has quite large content, say
100 kg feed. When the silo is located at the right side of the house, the
electronic filling switch is fixed in the hopper of the most left feeding line.
This switch gives a signal to the agricomputer when the feed level is lower
than a certain threshold value, say 20 kg. Consequently, the agricomputer
gives the instruction to refill all four provision reservoirs to maximum level
being 100 kg. This action might result for instance in a total amount of 240
kg (e.g. 80 + 65 + 45 + 50) of feed dispensed into the reservoirs. This
filling action is also registered by the agricomputer and added to the total
feed consumption of that day. Converted into feed intake per hen, this is an
extra consumption of 12 gram. When such an action occurs shortly before
the lights in the hen house go out, the feed intake per hen for that day is
132 gram, although in reality - given normal circumstances - the hens ate
their expected 120 gram. As a consequence, the registered feed consumption
of the following day drops to 108 gram per hen. Such fluctuations in feed
consumption are hence typical for the existing feeding system. Almost every
existing commercial system is based on this principle. Analysing results on
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a weekly basis filters these fluctuations off, but for daily control they are a
problem. Practically, this problem could be solved by minimizing the content
of the hoppers. But since it was not the goal of this work to alter existing
systems present at commercial layer farms, this issue has to be dealt with
using ARMA modelling.

II. The cusum control chart

The control chart of the FE data of flock L.a - all results of flock L.a are
discussed in a case study (section 8.3.2) in chapter 8 - is given in figure 7.12.
The first notability is the higher variability of the FE recordings compared
with for example EW. This makes it harder to achieve a quick detection and
as a result possibly also reduces the accuracy of the trend detection. The
control chart gives important signals at days of lay 98, 123 and 185. This
control chart is also discussed in the case study of section 8.3.2 (p.219).

The first important series of alarms (DOL 98 to 115) also caused a drop
in egg weight (see section 8.3.2). Yet, no clear markings were found in the
log of the farm manager meaning that the decrease (also in EW) remained
unnoticed. Although analysis of the temperature data (see figure 8.8) revealed
that it was relatively warm in the beginning of this period (from DOL 104
to 111) with maximum temperatures above 26◦C, this cannot fully explain
the initiation of the problem at DOL 98 and the feed consumption drop for
two weeks up to a decrease of about 10 g. Looking at the observations, the
feed consumption was significantly lower till about DOL 115, after that the
recordings were back to normal (≈ 120 g).

The following alarm series (DOL 123 to 129) came quite quickly after the
previous alarms and is a result of a dropped feed consumption of about 10
g at DOL 123 to 125. At DOL 126 the consumption increases again, yet
because of the difference between predicted and measured feed consumption,
alarms are generated up to DOL 129. From the available data it was not clear
whether this drop was still related to the previous problem or if something
else happened.

The last series of alarms which were generated (DOL 185-192) were the
result of a drop in the feed intake of about 10 to 15 g. This was caused
by summer heat stress. The average temperature graph (figure 8.8) shows
maximum temperatures above 26 ◦C from DOL 181 to 189. The heat
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stress resulted in an increased WA (positive WA alarms), EW dropped and
eventually also EP dropped (see section 8.3.2).

The single alarms at DOL 27, 154, 348 and 363 were not confirmed
by consecutive observations and hence could have been caused by single
accidental bad recordings, directly solved issues or false alarms.

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series, the
corresponding ∆/σ0 ratio and the cusum parameters are presented in table
7.6. From the table it can be seen that the values for σ0 of the different flocks
are about 5 g on average, only flocks M.c and M.d have a significant larger
variability. On average, detection of a shift of 5 g takes a bit more than 2
days.

Table 7.6. Overview of the approximate common cause variation (σ0 [g/hen·day])
of the datasets on FE, the ratio with the desired shift to detect (5 g/hen·day)
and the resulting cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

M.c 8.0 0.6 3.3 5.0 L.d 3.4 1.5 1.7 1.5
M.d 10.4 0.5 3.6 6.0 L.e 4.4 1.1 2.1 2.1
L.a 3.9 1.3 2.0 2.0 L.f 4.6 1.1 2.2 2.3
L.b 5.7 0.9 2.5 3.0 L.g 3.3 1.5 1.7 1.5
L.c 2.7 1.8 1.4 1.1 L.h 5.8 0.9 2.6 3.0

σ̄0 = 5.2
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7.3.6 Control chart for water consumption

I. Data preprocessing steps

The example control chart was developed based on the WA data of flock
L.a. It was chosen to take the same flock for WA and FE because there
exists a strong correlation between the consumption of both. Often both
consumptions are monitored by means of the water to feed ratio. Figure 7.13
presents the different stages for the development of the control chart. The raw
residuals (7.13 (b)) show normality (7.13 (c)) and a positive autocorrelation
(7.13 (d)). The time series model for autocorrelation correction is shown in
graph (e). Graphs 7.13 (g) and 7.13 (h) indicate that the normality and the
independence assumptions hold for the corrected residuals.

Explaining the autocorrelation. The positive correlation found in the
residuals of the WA is probably the result of the model artefact. Although a
possible negative autocorrelation as a result of the water supply system (in a
similar way as for the feeding system) could have been expected, it was not
noted in these data.

II. The cusum control chart

The control chart of the WA data of flock L.a - all results of flock L.a are
discussed in a case study (section 8.3.2) in chapter 8 - is given in figure 7.14.
The control chart gives important signals at DOL 98, 112, 164, 175 and 221 for
reduced water consumption and at DOL 189 for increased water consumption.
This control chart is also discussed in the case study of section 8.3.2 (p.219).

The first two alarm series (DOL 98 to 99 and DOL 112 to 119) can be
considered together and are related to the drop in feed consumption in the
same period. It is stated that two problems are occurring here. The first
problem causes the feed and the water consumption to drop at DOL 98. Yet,
due to heat stress which started at about DOL 104, the water consumption
is increasing again which gives seemingly in-control values from DOL 100 to
111. After the heat stress (after DOL 111), the water consumption drops
again and to an out-of-control value which generates the alarms from DOL
112 to 119.

The second important alarms (DOL 164 to 169) resulted from a leak in a
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the water supply pipe (see log file, table 8.3). As a result the birds received
less water. This leak was detected and repaired at DOL 169. But about five
days later, the water consumption is again at the level from before the leak
which resulted in alarms (DOL 175 to 179). The farm manager could not give
any indication what might have happened. Since no alarms were given in the
other parameters (see section 8.3.2) around these days, it could be suggested
that there might have been some registration errors and that the hens still
received enough water.

The positive alarm series starting at DOL 189 can be related to the reduced
feed consumption in the same period and is caused by the period of heat stress
as explained for the FE chart.

Finally, for the last important alarms (DOL 221 to 227) no reference was
found which might help to explain the observed drop, yet in the same period
there is a slightly reduced feed consumption as well.

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series,
the corresponding ∆/σ0 ratio and the cusum parameters are presented in
table 7.7. From the table it can be seen that WA shows a higher variability
than FE, with an average σ0 of about 8.3 ml. As a result, the prior postulated
objective (see also table 7.3) is not achieved for any flocks.

Table 7.7. Overview of the approximate common cause variation (σ0

[ml/hen·day]) of the datasets on WA, the ratio with the desired shift to detect
(5 ml/hen·day) and the resulting cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 9.7 0.5 3.6 6.0 L.b 9.3 0.5 3.6 6.0
S.b 12.5 0.4 4.0 7.0 L.c 5.6 0.9 2.6 3.0
M.a 8.3 0.6 3.3 5.0 L.d 6.0 0.8 2.7 3.0
M.b 7.8 0.6 3.3 5.0 L.e 13.5 0.4 4.0 7.0
M.c 5.9 0.8 2.7 3.0 L.f 7.5 0.7 3.3 5.0
M.d 9.3 0.5 3.6 6.0 L.g 5.5 0.9 2.6 3.0
L.a 7.7 0.7 3.3 5.0 L.h 7.3 0.7 3.0 4.0

σ̄0 = 8.3
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Figure 7.13. Overview of the different data pretreatment steps made to the WA
data by means of synergistic control. For each step also graphical assumption
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7.3.7 Control chart for hen body weight

I. Data preprocessing steps

The example control chart was developed based on the BW data of flock
M.d. Figure 7.15 presents the different stages for the development of the
control chart. The raw residuals (7.15 (b)) show normality (7.15 (c)) and a
positive autocorrelation (7.15 (d)). The time series model for autocorrelation
correction is shown in graph (e). Graphs 7.15 (g) and 7.15 (h) indicate that the
normality and the independence assumptions hold for the corrected residuals.

Explaining the autocorrelation. The positive correlation found in the
residuals of the BW can be explained by a combination of two phenomena:
the natural phenomenon that body weight measurements on subsequent days
are very closely related and the slight model artefact.

II. The cusum control chart

The control chart of the BW data of flock M.d is given in figure 7.16. The
control chart generated three important alarm series at DOL 50, 297 and
348. The first series of alarms (DOL 50 to 68) were caused by an Infectious
Bronchitis (IB) infection. In its acute form, IB causes weight loss, egg weight
loss, production drop and more extremely also higher mortality (Saif, 2008).
This infection was only noticed after the peak of the infection since it caused
no extreme mortality.

The next alarms series (DOL 297 to 302) were caused by a red mite
infestation (Dermanyssus Gallinae) which was treated later. The hen weight
remained lower after DOL 302 but since the trend detection adjusted itself to
the changed curve, no alarms were given any more.

The last series (DOL 348 to 351) were probably due to the bad condition
of the hens towards the end of the laying period. The hens had poor plumage
condition as a result of feather pecking. Due to this poor coverage, the birds
lost a lot of energy which resulted in loss of body weight.

The single alarm at DOL 182 was caused by a weight loss of about 40 g
following the abrupt transition to phase 2 feed. Normally, when changing feed
in a different phase of the laying period, the new feed is mixed in gradually
with the first phase feed. In this case, this transition was done from one day
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to the other. As a result, the hens ate less, lost body weight and the EW also
dropped slightly (data not presented).

An additional observation is the failure to detect the clear drop in hen
body weight around DOL 100. The reason for this is that the drop was about
20 g and less. This weight drop was caused by a change of wheat marc in
the feed of the hens. The control chart which was tuned to detect downward
shifts of 20 g, did not signal this drop.

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 could only be obtained from two
representative flocks. The estimate of the in-control variability σ0 for each
available data series, the corresponding ∆/σ0 ratio and the cusum parameters
are presented in table 7.8. With an average σ0 of 13.9 g, the initial objectives
can be achieved. Although, it has to be mentioned that more data series are
required to get a better estimation of the in-control variability of the hen body
weight registrations.

Table 7.8. Overview of the approximate common cause variation (σ0 [g]) of the
datasets on BW, the ratio with the desired shift to detect (25 g) and the resulting
cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

M.b 18.6 1.3 1.9 1.8 M.d 9.4 2.7 0.8 1.0

σ̄0 = 13.9

184



7.3 Design of the cusum control charts

0 100 200 300
-30

-20

-10

0

10

20

30

days of lay

co
rr

ec
te

d 
re

si
du

al
 B

W
 (g

)

0 1 2 3 4 5 6

-0.2

0

0.2

0.4

0.6

0.8

1

lag

rh
o

 

 

95% CI

-30 -20 -10 0 10 20 30
0

10

20

30

40

50

corrected residual BW (g)

co
un

t

0 100 200 300
-30

-20

-10

0

10

20

30

days of lay

re
si

du
al

 B
W

 (g
)

 

 

Estimated ARMA model

-30 -20 -10 0 10 20 30
0

5

10

15

20

25

30

35

residual BW (g)

co
un

t

0 50 100 150 200 250 300 350
1400

1500

1600

1700

1800

1900

2000

2100

2200

2300

2400

days of lay

B
W

 (g
)

 

 

Estimated trend
Bounds

0 100 200 300
-30

-20

-10

0

10

20

30

days of lay

re
si

du
al

 B
W

 (g
)

0 1 2 3 4 5 6

-0.2

0

0.2

0.4

0.6

0.8

1

lag

rh
o

 

 

95% CI

(a)

(c)

(e)

(g)

(b)

(d)

(f)

(h)

Figure 7.15. Overview of the different data pretreatment steps made to the BW
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
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7.3 Design of the cusum control charts

7.3.8 Control chart for second grade eggs

I. Data preprocessing steps

The example control chart was developed based on the SG data of flock
L.b. Figure 7.17 presents the different stages for the development of the
control chart. The raw residuals (7.17 (b)) show normality (7.17 (c)) and a
positive autocorrelation (7.17 (d)). The time series model for autocorrelation
correction is shown in graph (e). Graphs 7.17 (g) and 7.17 (h) indicate that the
normality and the independence assumptions hold for the corrected residuals.
So, like for EP and as mentioned in section 7.3.1, although theoretically rather
binomially distributed, the normality approach for SG does not give problems
for the corrected residuals that are used in the cusum scheme either.

Explaining the autocorrelation. The positive correlation found in the
residuals of the SG is only minor and is probably mainly caused by a slight
delay of the model.

II. The cusum control chart

The control chart of the SG data of flock L.b is given in figure 7.18. This
control chart is not very informative. Due to the high variability and, hence,
the wider limits set, the chart only signals relatively high values (more than
2 % higher than the reference line). The two alarms given at the end were both
not repeated by consecutive measurements. In section 5.3.2 it was already
indicated that the SG parameter, as it was registered in this work, is the
less interesting quality parameter to use in a monitoring scheme. It is very
susceptible to human subjectivity and grading results can depend on the farm
manager or technician. Nevertheless, when SG can be defined using objective
techniques, such as the ones used in large size grading machines located at
sorting and packing plants, this control chart will be of great interest. The
number of cracked or dirty eggs is directly related to economic loss and so any
deviation should be investigated in the interest of product quality and food
safety.
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Figure 7.17. Overview of the different data pretreatment steps made to the SG
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
residuals, e; (c) histogram e; (d) ACF e; (e) residuals and ARMA model; (f)
corrected residuals ecorr; (g) histogram ecorr; (h) ACF ecorr.
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7 Cusum Charts for the Egg Production Process

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series,
the corresponding ∆/σ0 ratio and the cusum parameters are presented in
table 7.9. The average σ0 equals 1.7 % which indicates that the postulated
objectives can be more or less achieved. In most cases, detection can even go
faster, except for the small flocks S.ab. The reason for the higher variation
in the data of flocks S.ab could have been caused by the small group size in
combination with the effect of the extreme stress situations and the probably
non-commercial grading of the eggs by the experimental staff which was not
used working in commercial egg production circumstances.

Table 7.9. Overview of the approximate common cause variation (σ0 [%]) of the
datasets on SG, the ratio with the desired shift to detect (2 %) and the resulting
cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 5.4 0.4 4.0 7.0 L.b 0.5 4.1 0.1 1.0
S.b 5.2 0.4 4.0 7.0 L.c 0.3 5.9 0.1 1.0
M.a 1.6 1.3 2.0 2.0 L.d 1.3 1.5 1.7 1.5
M.b 1.2 1.7 1.5 1.2 L.e 0.5 4.2 0.1 1.0
M.c 1.9 1.1 2.2 2.3 L.g 0.4 5.1 0.1 1.0
M.d 0.9 2.3 1.0 1.0 L.h 1.2 1.7 1.5 1.2

σ̄0 = 1.7

190



7.3 Design of the cusum control charts

7.3.9 Control chart for dynamic stiffness

I. Data preprocessing steps

The example control chart was developed based on the KD data of flock S.a.
For the KD control chart procedure a reference period of 28 days was taken
instead of 21 days. This was done given the relative higher variability in
the beginning of the laying period. Furthermore, most KD datasets consist
of less frequent measurements (three times per week). To have a good first
estimation of the KD model, it was better to increase the reference period.
Figure 7.19 presents the different stages for the development of the control
chart. The raw residuals (7.19 (b)) show normality (7.19 (c)) and for KD,
no significant autocorrelation is present in the raw residuals (7.19 (d)). As
a result, theoretically no ARMA-model correction should be applied to the
residuals and they could be introduced directly into the cusum scheme. Yet,
for matters of robustness of the algorithm it was equipped with the ARMA
preprocessing in case other datasets display autocorrelation.

II. The cusum control chart

The control chart of the KD data of flock S.a is given in figure 7.20.
As explained in section 3.2.1, this small-scale flock was subjected to three
challenges of constant heat stress of 32 ◦C. The challenges were applied at
109 DOL (7 days), at 228 DOL (7 days) and at 286 DOL (4 days). From
the control chart it can be clearly seen that KD is decreasing when heat
stress is applied to the chickens. For all three challenges, a decreasing KD is
signalled within 2 days after the start of applying heat stress resulting in three
important alarms for decreasing KD at DOL 111, 230 and 287. This decrease
of KD as a result of the heat stress is in accordance with the results of Lin et al.
(2004). Another remarkable phenomenon is the positive alarm shortly after
ending heat stress challenge 1 (DOL 121 to 123). In other words, the dynamic
stiffness of the eggs, after ending the heat stress, rose up to a higher level than
before heat stress application. An explanation for this ”overshoot” is the
combined effect of smaller eggs, proved by the lower egg weight (see appendix
B), and the restored availability of calcium for egg shell formation with the
renormalized feed intake (see appendix B). The effects of heat stress on egg
production and quality of layers have been studied extensively (reviewed by
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amongst others Al-Saffar and Rose (2002)). As a primary response to the
heat, the appetite of the hens is reduced (Hurwitz et al., 1980). This causes
a decreased plasma protein concentration (Zhou et al., 1998) and plasma
calcium concentration (Mahmoud et al., 1996), both of which are required for
egg formation (egg weight and shell quality). Moreover, Larbier et al. (1993)
found that heat exposure significantly decreased protein digestion. Although
no studies are available which focus on the speed of recovery of the egg
production and quality parameters, from the observations in this study it can
be stated that nutrient intake and calcium metabolism recover more quickly
than the protein metabolism. The latter causes the egg weight to remain
lower while the former provides more available calcium. The relative higher
amount of calcium deposited on smaller (lighter) eggs resulted in stronger
shells in terms of KD.

Other alarms were generated in the beginning of the laying period when
no deliberate stress was applied. The alarms at DOL 41 to 43 have no clear
cause and might be the result of inaccurate measurements. The alarms at
DOL 69 to 78 were caused by a severe red mite infestation. As a result of this
infestation, the hens suffered from anaemia. This was proven by the analysis
of blood samples taken from a sample of chickens. Healthy laying hens of that
age should have a haematocrit value 29 to 30 volume % (Whittow, 1999). At
the peak of the red mite infestation, the hens had a haematocrit value of ±
23 %. The anaemia was also reflected in a drop of the average egg weight (see
appendix B, p.281).

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series, the
corresponding ∆/σ0 ratio and the cusum parameters are presented in table
7.10. From the table it can be seen that the mean σ0 is about 4.0·104 N/m
which is the recommended σ0.
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Figure 7.19. Overview of the different data pretreatment steps made to the KD
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
residuals, e; (c) histogram e.

Table 7.10. Overview of the approximate common cause variation (σ0 [104 N/m])
of the datasets on KD, the ratio with the desired shift to detect (5 ·104 N/m)
and the resulting cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 4.5 1.1 2.2 2.3 L.b 2.9 1.7 1.5 1.3
S.b 4.9 1.0 2.4 2.6 L.c 3.5 1.4 1.8 1.6
M.a 5.9 0.9 2.7 3.0 L.d 3.4 1.5 1.7 1.5
M.b 3.9 1.3 1.9 1.9 L.e 2.7 1.9 1.3 1.1
M.c 6.1 0.8 2.8 3.5 L.g 4.2 1.2 2.0 2.0
M.d 2.8 1.8 1.4 1.1 L.h 3.2 1.6 1.6 1.4
L.a 4.3 1.2 2.0 2.0

σ̄0 = 4.0
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7.3.10 Control chart for transmission colour value

I. Data preprocessing steps

The example control chart was developed based on the TCV data of flock
M.d. As for KD a reference period of 28 days was taken instead of 21 days
for the TCV control chart procedure. The course of the novel egg quality
parameter was similar to that of EW, yet with a slower growth phase in
the beginning. With the higher natural variability of TCV and less frequent
measurements, it was decided to take a reference period of 28 days to get a
better first estimation of the model and the residual variation. Figure 7.21
presents the different stages for the development of the control chart. The
raw residuals (7.21 (b)) show normality (7.21 (c)) and a, although limited,
negative autocorrelation (7.21 (d)). The time series model for autocorrelation
correction is shown in graph (e). Graphs 7.21 (g) and 7.21 (h) indicate that the
normality and the independence assumptions seem to hold for the corrected
residuals.

Explaining the autocorrelation. Looking at the autocorrelation of the
residuals of TCV, only a low (not significant) negative autocorrelation could
be observed. From the current knowledge on measurements of TCV it is not
clear what could cause a negative autocorrelation. Future measurements and
expertise should confirm and elucidate this issue.

II. The cusum control chart

The control chart of the TCV data of flock M.d is given in figure 7.22. Due
to technical problems, there were no measurements in the periods from DOL
60 to 80, from DOL 200 to 230 and from DOL 265 to 275. There is also quite
a lot of variation present in the measurements of TCV. The fact that it still
is an experimental setup and that the calibration of the setup plays a very
important role, registered values might display high variation. Nevertheless,
the control chart provides fast signalling of the Infectious Bronchitis (IB)
infection (also seen in the control chart of figure 7.16): at DOL 51 alarms
are generated as a result of the increased TCV indicating that the amount of
pigment in the eggshell was reduced. Pale egg shells are a typical phenomenon
of IB (Saif, 2008).
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The second alarm (DOL 112 to 114) coincided with the feed change (see
also section 7.3.7). Although no alarm was given for BW, nevertheless a
reduced hen weight was found. From these observations it is clear that the
condition of the hens was not optimal which is reflected in the production of
paler eggs.

The alarms at DOL 184 and 189 to 191 are related to the too abrupt
transition to phase 2 feed from which also the BW chart generated a signal.

At the end of the laying period, there is a sudden drop in the TCV
meaning that the eggs become darker again. Although this drop was larger
than expected hence generating a signal, this is actually a good sign for the
layer manager.

III. Flock specific cusum parameters

The estimate of the in-control variability σ0 for each available data series, the
corresponding ∆/σ0 ratio and the cusum parameters are presented in table
7.11. The average σ0 of 0.012 is well below the recommended value and hence
detection within 2 days can be expected.

Since the TCV is a novel egg quality parameter, at this point it is
not clear how sensitive this is. It is not yet clear how large the effect of
different disturbances (e.g. diseases) is on the values of TCV. Yet, from
the aforementioned results the TCV seems to be very sensitive to problem
situations. Nevertheless, further research should be carried out to clarify this
matter.

Table 7.11. Overview of the approximate common cause variation (σ0 [-]) of
the datasets on TCV, the ratio with the desired shift to detect (0.025) and the
resulting cusum chart parameters (h and ARL1).

Flock σ0 ∆/σ0 h ARL1 Flock σ0 ∆/σ0 h ARL1

S.a 0.0078 3.2 0.5 1.0 M.b 0.0149 1.7 1.5 1.2
S.b 0.0096 2.6 0.9 1.0 M.c 0.0136 1.8 1.4 1.1
M.a 0.0128 2.0 1.3 1.0 M.d 0.0155 1.6 1.6 1.4

σ̄0 = 0.012
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Figure 7.21. Overview of the different data pretreatment steps made to the TCV
data by means of synergistic control. For each step also graphical assumption
diagnostics are presented. (a) raw data, estimated trend and boundaries; (b)
residuals, e; (c) histogram e; (d) ACF e; (e) residuals and ARMA model; (f)
corrected residuals ecorr; (g) histogram ecorr; (h) ACF ecorr.
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7.3.11 Control chart for daily mortality

I. Cusum chart settings

The control chart for the daily mortality (MO) is a straightforward theoretical
chart, because no synergistic control is necessary for correcting the raw data.
For MO the daily number of death chickens is registered and these numbers
can be entered directly in the binomial control scheme. From figure 7.5 it
became clear that the sensitivity of the control chart for binomial data depends
on the size of the sample from which the objects with a certain attribute are
collected. For the egg production process, the sample size is fixed throughout
the whole laying period and equal to the number of hens housed at the start
of production.

Based on the ARLs (ARL0 ≥ 30 and ARL1 ≤ 2) and the flock sizes (n),
the cusum parameters can be defined by means of the ANYGETH software.
Table 7.12 provides the overview of the values for the parameters (K+ & H+)
of the binomial cusum chart for MO.

Table 7.12. Overview of cusum parameters for the control chart of daily
mortality.

Flock n K+ H+ ARL0 ARL1

S.a-b 72 0.10 0.92 42.4 16.7
M.a-c 390 0.56 1.94 36.9 8.0
M.b-d 500 0.72 1.86 30.8 6.5
L.a 12 850 18.54 1.48 42.6 1.2
L.b 25 760 37.17 0.17 71.2 1.0
L.c 18 970 27.37 0.05 32.6 1.0
L.d 38 600 55.69 0.02 201.0 1.0
L.e 14 160 20.43 0.71 30.9 1.1
L.f 50 030 72.18 0.09 737.5 1.0
L.g 17 729 25.58 0.47 41.3 1.1
L.h 32 500 46.89 0.11 102 1.0

In figure 7.5 it was already shown that a flock size of over 10 000 hens was
necessary to be able to detect an increasing mortality probability of 0.1 %. The
smaller flocks (S.ab and M.abcd) do not meet this condition, hence the chart
does not perform properly on data of these flocks. The mortality rate from
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such small flocks is often not representative anyway. The standards indicating
the daily mortality rates consider large size flocks with social interaction and
competition. This condition is surely not met in the small scale flocks, and
probably not in the medium scale flocks.

II. The cusum control chart

Figure 7.23 shows an example of a binomial cusum control chart based on
the data of flock L.e. Three alarms are caused by an increased mortality.
In all three cases, there was an increased pressure from a bacterial infection
of Erysipelothrix Rhusiopathiae which causes acute mortality. After the first
infection, the veterinarian managed to get the infection under control for most
of the laying period, yet towards the end of lay a new rise was observed. For
large flocks, a rise in mortality of such magnitude is signalled directly (the
day after occurrence).
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Figure 7.23. Cusum control chart for MO of flock L.e. Upper graph: raw MO
data with mathematical trend detection. Lower graph: Cusum chart.
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7.3.12 Control chart for quality variance

I. Cusum chart settings

Before the cusum control chart can be designed a target value is needed.
In analogy with the cusum chart for binomially distributed data where an
in-control probability π0 was set, an acceptable value for the in-control
variatiance σ2

0 was defined. This was done based on the available dispersion
of the KD and TCV measurements. The average standard deviation for the
different datasets and for the two quality parameters is presented in table
7.13. Using these results, an average standard deviation of 18.9 · 104 N/m
was found for KD and based on this a target value of 20.0 · 104 N/m was
set rendering a σ2

0,KD = 40.0 · 109 N2/m2. Likewise for the TCV, based on
an average standard deviation of 0.062 a target value of 0.065 was set which
rendered a σ2

0,TCV = 4.2 · 10−3.

Table 7.13. Overview of the average standard deviation of KD (in 104 N/m) and
TCV for the available datasets.

Mean spread KD Mean spread TCV

Flock σ̄ Flock σ̄ Flock σ̄

S.a 21.5 L.a 19.4 S.a 0.050
S.b 19.2 L.c 18.3 S.b 0.027
M.a 21.3 L.e 15.9 M.a 0.072
M.b 21.2 L.g 16.9 M.b 0.074
M.c 18.8 L.h 19.9 M.c 0.075
M.d 15.5 M.d 0.073

The practical objective formulated for variance was an increase of the
standard deviation σ0 to σ1 = 1.25σ0 and so of a variance σ2

0 to σ2
1 = 1.56σ2

0 .
In section 7.3.2 it was shown that the cusum parameters depend on the sample
size and that from a sample of over 25 eggs a shift in the standard deviation
of 25 % should be detected in 2 days with an in-control ARL of 30. Table 7.14
provides an overview of the values for the cusum parameters for the quality
parameters KD and TCV. From this table the reference values (K+) and the
control limit (H+) can be chosen to construct the control charts.
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7 Cusum Charts for the Egg Production Process

Table 7.14. Overview of the cusum parameters for monitoring the variance of
the egg quality parameters KD and TCV. The cusum chart is designed to detect
an upward variance shift from σ0 to σ1 = 1.25σ0. More precisely and expressed
in terms of variance, an upward variance shift for KD from σ2

0 = 40 · 109 to
σ2

1 = 62.5 · 109, and for TCV from σ2
0 = 4.2 · 10−3 to σ1 = 6.6 · 10−3. The

reference value K+ can be calculated from equation 4.8 and the decision intervals
H+ were obtained with the ANYGETH software.

Flocks n K+ H+ ARL0 ARL1

Dynamic Stiffness

S.x ≈ 60 495.9 · 104 51.6 · 104 30 1.3

M.x 150 495.9 · 104 1.0 · 104 30 1.0

L.x 180 495.9 · 104 1.0 · 104 30 1.0

Transmission Colour Value

S.x ≈ 60 5.0 · 10−3 1.0 · 10−3 30 1.3

M.x 150 5.0 · 10−3 0.1 · 10−3 30 1.0

L.x 180 5.0 · 10−3 0.1 · 10−3 30 1.0

II. The cusum control chart

As an example the cusum control chart for the variance of KD from flock
L.h is presented with an upward shift detection from in-control standard
deviation 20·104 to out-of-control standard deviation 25·104. From table 7.14
the reference value K+ = 495.9 · 104 and upward decision interval H+ =
1.0 · 104 can be read. The resulting control chart is shown in figure 7.24.
Besides some single alarms in the beginning of the laying period, probably as
a result of measurement error, the important upward shifts of KD variance at
the end of the lay are signalled. This increased variability towards the end of
the laying period confirms observations of Abdallah et al. (1993) who declared
that the increase of shell defects towards the end of the laying period is a
consequence of the increase in shell quality variability. The higher variability
means more eggs have lower shell strength values and hence more eggs get
cracked.

The problem with this control chart is that it is based on the variance and
not the standard deviation. As a result the numbers used in the control chart
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miss the direct link with the practical information on the parameter.
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Figure 7.24. Cusum control chart for variance of KD data from flock L.h. Upper
graph: Variance of KD. Lower graph: Cusum chart.

7.4 Implications for data series with severe

deviations

Until now, to develop the algorithms for construction of the cusum control
charts, it was assumed that the quality of the egg production parameters was
acceptable, meaning for instance that egg collection was performed daily at
about the same time to have good EP data. Furthermore, from a development
point of view the goal is to make a system which performs well when it is used
in real time monitoring. Hence, problems are detected and when alarms are
given, measures are taken to solve the cause of the shift and to prevent further
shifting.

Yet, as was illustrated before (model fit results in section 5.3.2 and
examples given in section 7.3) and in appendix B, in practice this is not
always the case. Low quality data actually occur quite frequently. This
often depends on management aspects (e.g. EP), yet sometimes it is related
to system failures or system limitations (e.g. large provision reservoirs for
feed and water). Any statistical and modelling based algorithm performs
unsatisfactory on poor quality data. Good management practices lead to
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7 Cusum Charts for the Egg Production Process

good data on which a monitoring system can be applied to, giving acceptable
detection results without too many false alarms.

On the other hand, occurrence of large shifts as a result of severe
problems may still occur, even when a monitoring tool is used actively (e.g.
occurrence of a acute highly infectious disease). Since the trend of a considered
production parameter after the shift will be considerably different from the
initial trend, such large shifts might cause problems for the intelligent trend
detection. Hereafter, two possible solutions to robustify the algorithm for such
extreme cases are briefly discussed. Consider these as theoretical suggestions
on how to handle data with severe deviations. They were not included into
the algorithms. Furthermore, it has to be stressed that a good performance
of the IMS developed in this work is based on normal data originating from
good management practices and daily use of the control system.

Limiting the number of alarms. When during the laying period a
severe problem occurs and the values of a certain process parameter are
altered, the control chart of this parameter generates alarms. Because
of the biological character of the production process of consumption eggs,
the considered parameter will be typically out-of-control for several days.
How long exactly mainly depends on the severeness of the problem and
the considered parameter. So, even if the problem can be traced directly
and measures can be taken, it might still be possible that the cusum chart
still generates alarms. This is because the metabolic and physiological
processes of the chickens need a certain time to recover and to restore
the physiological balance comparable to the situation before the problem.
Since this reasoning is common sense for layer farm managers, it would be
impractical to continuously generate alarms. Besides, it is likely that a severe
problem which has a strong effect on production parameters causes lasting
shifts. As a result, it could happen that the considered parameter does not
reach the expected value, based on the observations from the period before
the problem, again. Possibly this would lead to abundant alarms for the
remainder of the laying period.

A possible solution for both these issues could be to limit the number
of consecutive days with alarms to for example 7. After the 7th consecutive
alarm, the 8th observation the cusum scheme would be reset to zero and the
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observation would be forcedly incorporated in the development of the models.
This procedure would only count for the model development. The forced
observations would not be used in the calculation of the in-control variation.
This resetting of the cusum scheme could be done until the trend model
would approach the observational data series again. This approaching could
be defined as the moment on which the value of the residual falls within a 1 σ0

range around the target value 0, with σ0 the in-control standard deviation.
From this moment on, the normal detection algorithm is applied. In case of
large parameter shifts a disadvantage of this approach could be the increased
over- or underestimation by the forced model.

Start of new model development. Another option to handle data with
severe deviations is starting with the development of a new model. In case
of large shifts, it is likely that the recovery displays a trend similar to the
trend at the beginning of lay, in most cases a fast increasing trend. It could
be discussed that the observations before the large shift are ignored from this
time point on, and that the complete synergistic control approach would be
restarted.

A critical point for this approach is to decide when to restart the algorithm.
A criterion should be designed evaluating the residual values at all times and
indicating when to reset the synergistic scheme. Furthermore, if the recovery
does not display a trend similar to the one expected by the parametric model,
the new model might even perform worse than a continuation of the old model.

Although these adaptations might improve performance, it should be
emulated to collect good quality data, perform daily evaluation of the data
using the IMS, anticipate for emerging problems and quickly take precautions
or solve problems. This way the likelihood of the occurrence of dramatically
large shifts in the production process is minimized.

7.5 Summary

In this chapter, first the theoretical basis for setting of the cusum chart
parameters was presented. Starting from practical objectives for detecting
certain shifts in mean within 2 days, a simulation study was performed
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7 Cusum Charts for the Egg Production Process

to provide the recommended common cause variation σ0 with which the
postulated objectives can be achieved.

Secondly, example cusum control charts were presented for each egg
production and quality parameter. These control charts result from
introducing the data into the algorithm of the synergistic control strategy.
This presentation included an investigation of the assumptions associated with
the cusum control chart. The resulting graphs illustrate the effect of the data
preprocessing by the sequence of models (EPC) strategy. Additionally, the
possibly present autocorrelation structure was explained.

From the control charts it became clear that some parameters are more
sensitive for false alarms, yet in all control charts both the trend detection
and problem signalling was achieved with success.

Furthermore, for each egg production parameter and for each available
dataset the actual common cause variation was investigated. From this
it could be concluded that the quality of the data is the prerequisite for
optimal practical performance of the developed control charts. The chapter
was concluded by presenting two approaches to deal with data with severe
deviations.
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Chapter 8

AVES: A Prototype Of

The Intelligent Monitoring

System

It may be the cock that crows, but it is the hen that
lays the eggs.

Margaret Thatcher

8.1 Introduction

Using the synergistic control algorithms for construction of univariate control
charts - developed and presented in the previous chapters - a software
prototype for the Intelligent Monitoring System (IMS) was written. This
prototype, called AVES, could form the basis of a complete management
support tool to optimize the production of consumption eggs. Figure 8.1
shows a screen shot of AVES displaying the control chart of EP of flock L.a.

In this chapter, first the added value of such a management support tool
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8 AVES: Intelligent Monitoring System Prototype

is discussed. Next, the results of the application of the IMS on two of the
monitored flocks (L.a and L.c) are presented.

Figure 8.1. Print screen of AV ES, the prototype of the IMS which is based on
the syngergistic control algorithms.

8.2 An IMS as management support

Each IMS to support process management should be part of a total
management concept. Lokhorst et al. (1996) defined the factors that are
prerequisite for the development of such a management concept for laying
hens in an aviary housing. They defined the goals, the critical success factors
and the information needs to support the critical success factors (see table
8.1). Lokhorst et al. (1996) only worked on layers in an aviary, but this may
be extended to layer production in general.

To reach the goals and control the critical success factors, information is
needed. Lokhorst et al. (1996) stated: ”The effectiveness and the efficiency
of management can be improved by using reliable and timely information. If
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8.2 An IMS as management support

Table 8.1. Goals, critical success factors and information needs for management
of laying hens, according to Lokhorst et al. (1996).

Goals

1 Efficient production of high quality eggs
2 Optimal (welfare friendly) treatment of hens
3 Long-term profitability

Critical Success Factors

1 Control of feed consumption
2 Control of ambient temperature
3 Early detection of diseases

Information needs

1 Fast and up-to-date data on feed consumption, diseases & production results
2 Detailed daily information per group of hens (or compartment)

available data are transformed into the right information they can be used to
support different decisions.”

So two aspects are important: which information has to be collected and
how does this information reflect the state of the production process. It
is important to know and interpret data characteristics such as averages,
variation of specific process parameters and relations between different process
parameters. Moreover, these characteristics can change in time (as was shown
in this work).

Lokhorst et al. (1996) indicated that there are qualitative and quantitative
data. Qualitative data comprise the information a farm manager collects by
inspecting his birds: the noise they make, the colour of the faeces, the colour
of the comb, . . . (Lokhorst and Lamaker, 1996). The data referred to in this
work - hen-day egg production, average egg weight, feed consumption, water
consumption, hen body weight, second grade eggs, shell strength, shell colour
and ambient temperature - are the process parameters which can be measured
and automatically recorded and are therefore quantitative data. Combining
and interpreting the information which can be extracted from the qualitative
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and quantitative data, the farm manager is able to make the correct link with
known diseases or other problems (Lokhorst et al., 1996). Subsequently he
can formulate a well-founded decision and take measures.

The contribution of the IMS for the process management lies in the
aspect of the interpretation of quantitative data and taking normal process
variation, correlations between parameters and time dependent fluctuations
into account.

In the next section, two examples of the application of the IMS prototype
AVES on data of a commercial flock are given. This illustrates the added
value of the IMS for the layer farm manager.

8.3 AVES case studies

The case studies presented in this section are based on data of two commercial
flocks: L.a and L.c. The application was performed in a post-hoc approach,
meaning after all data were collected. The control charts were generated for
each available process parameter and the alarms given were investigated using
the log file and the knowledge of the flock managers.

8.3.1 Case study 1

The first case study is flock L.c (18 970 Isa Warren hens, see table 3.1), a
flock housed in a floor housing system with a wintergarten. Table 8.2 gives
the log file as registered by the farm manager.

Based on the cusum charts of the different monitored process parameters
- EP, EW, FE, WA, KD, SG & MO - an alarm chart is shown in figure 8.2.
Three main problem situations are indicated: between about DOL 30 to 45,
between about DOL 115 to 190 and between about DOL 205 to 220. The
absence of alarms for SG indicates that this process parameter is not very
sensitive for process shifts.

Details for each process parameter during the problem periods (figures 8.4
to 8.6) are presented in the same figure in order to be able to compare the
signalling of the considered parameters. The alarms which were generated
by the cusum chart are included on the observation charts. Figure 8.3 also
provides the charts of daily mortality (left), including the possible alarms
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8.3 AVES case studies

Table 8.2. Contents of the log file as registered by the manager of layer flock L.c.

DOL Log description

-20 First time opening laying nests for couple of hours.
-15 Vaccination against Infectious Laryngotracheitis (ILT) with spray.
-13 Light scheme extended with 1 hour (30’ morning + 30’ evening)
-13 Unsatisfactory feed consumption: starting with the dispense of tylan

and pepsol in drinking water for improved feed consumption.
-7 Chickens weighed: average 1630 g
0 Chickens weighed: average 1703 g

Light scheme extended with 1 hour - total now 14 hours
1 Switched from seven to eight feedings.
7 Chickens weighed: average 1720 g

12 Light scheme extended with 30’ - total now 14.5 hours
15 To cope with the many floor eggs, extra light from 4 am till 5.30 am

which resulted in less floor eggs.
Chickens weighed: average 1798 g

40 Chickens first time outside - Floor eggs have reduced considerably.
Chickens still do not eat enough, probably due to a light virus infection.
Production and egg weight have increased slightly.

42 Chickens weighed: average 1802 g - as a result of the lower feed intake
hen weight is not as it should be, no clear reason found yet.

43 Starting to dispense vitamin B3 for 3 days.
104 Starting to dispense CuSO4 (acid) to improve gut function.
111 Treatment against red mites with Taktic.
117 Because of the bad condition of the chickens, from today on they get an

FLS-mix (against fatty liver syndrome) and FeSO4 for blood
production, and this for 21 days.

Treatment against red mites with Taktic.
128 From this day transition to second phase feed, but feed intake remains

below standards and a reduction of production can be noted.
The eggs are also getting more pale.

135 CuSO4 and acetic acid in drinking water.
136 CuSO4 and acetic acid in drinking water.
147 After visit of the veterinarian, suspection of chronic gut inflammation.

Strong decrease in production - Again CuSO4 and acetic acid in
drinking water for 4 to 5 days, and afterwards again vitamin B3.

195 Probably infection with E.coli - 7days of Colestine
217 Higher mortality rate - Veterinarian suspects again E.coli - 5 days.

of Colestine - Last week already noticed paler eggs.
247 Hens were moulted using a method similar to the ADAS method.
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Figure 8.2. Graphical representation of the alarms generated by the different
univariate cusum control charts for the production parameters of flock L.c. The
three time periods with main problem situations are indicated with the horizontal
lines (dotted, full and dashed).

generated by the cusum chart, and of the average temperature (right) in the
hen house.

Discussion IMS results L.c. In the first period (figure 8.4), the first alarm
is given by the control chart of WA. As a result of a decreased consumption
of ≈ 15 ml, alarms are given for WA from DOL 30 to 39. After DOL 40 the
water consumption recovered. The positive alarms which follow from DOL
49 are the result of the model artefact of underestimating the trend. The
reduced values for FE are related to the alarms for WA. Nevertheless, the
control chart only gives an alarm at DOL 41. At that point, the value for FE
is about 10 g lower than at DOL 30. The days from DOL 31 to 39 display an
average reduced FE of about 5 g. Although this was not signalled directly, the
chart of WA also provides information. The charts of the other parameters
generate no signal, although EW displays a slight decrease around DOL 40
to 45.

As can be seen in the log file, the farm manager noticed that the feed
consumption of the hens was not as expected at DOL 40. Remember that the
control chart of FE already generated an alarm at DOL 30. Following this
observation, the farm manager fed extra vitamins to the hens at DOL 43. In
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8.3 AVES case studies

the figures, this seemed to bring the desired positive effect. The lower feed
consumption was already an issue in the beginning of the laying period, even
before the hens were getting into production (see log file in table 8.2 on DOL
-13).

In the second period (figure 8.5), the first alarm is given by FE with a
decrease of about 5 g. After a recovery of a couple of days, a longer period of
subsequent alarms starts from DOL 126 to 137 as a result of reduction of FE
with about 10 g. Looking at WA, first negative alarms are produced (DOL
119-121) resulting from the reduction in WA of about 10 ml. Afterwards, the
values for WA increase quickly which results in the positive alarm at DOL 134.
From DOL 135 to 150 the control chart for WA gives negative alarms, but
actually the level of WA is back to a normal value, comparable with the values
around DOL 110. These two observations also result in negative alarms for
EW, from DOL 135 on, and even negative alarms for KD at DOL 132 and 134.
Furthermore, in this period there was an alarm for mortality as well. For EP
alarms were also generated. The alarms of DOL 143 and 144 are probably due
to a lower production, yet the other alarms in this period are the result of a
deteriorating consistency in the collection of the eggs. Due to other problems,
the farm manager had to give up on his consistent egg collecting practices
which he clearly did in the first 100 days of the production. The result is a
inferior quality of the hen-day egg production data. For more discussion on
this issue see section 6.3.2 (p.145).

With the feedback of the log, it became clear that several problems
occurred simultaneously in this period. First of all, there was still the
bad condition of the hens for which a treatment was given at DOL 117.
Additionally, the red mite pressure increased which urged the farm manager
to treat for this as well (also DOL 117). Moreover, there was some heat stress
in this period. From figure 8.3, it can be seen that the maximum temperature
from DOL 123 to 133 exceeded 26 ◦C. This is the cause for the increased water
consumption (with alarm at DOL 134) and the reduced feed consumption in
these days. After DOL 134 the temperatures are back in the comfort zone, and
hence WA and FE values normalize. In this same period, also the transition
to the second phase feed took place (see log file in table 8.2 on DOL 128).
Because of the consistent bad consumption, which was partly due to the heat

213
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stress, the farm manager decided to give the hens an acid treatment in the
drinking water. At this time, the farmer noticed that the eggs were getting
paler (see section 2.3). Some time later, the farm veterinarian suspected that
the hens suffered from chronic gut infestation.

In the third period (figure 8.6), FE and WA are again the first process
parameters to give alarms. This was caused by a short heat stress period
from DOL 205 to 212 with maximum temperatures above 30 ◦C and average
temperatures above 26 ◦C. As a result, FE gives negative alarms from DOL
205 to 218, and WA positive alarms from DOL 205 to 210. After the heat
period was over, the WA chart provides negative alarms at DOL 212 and
216. Afterwards there are some single positive alarms for WA as well, but
there was no clear indication for these alarms. As a result of the abnormal
FE and WA values, there was a decrease in EW. This was only signalled at
DOL 215 at which point the decrease was almost 1 g. The reason for this
late signal was that the trend detection underestimated the course of the
EW. This in its turn was caused by the severe decrease in EW in the second
problem period. The chart for EP gives several alarms in this period. Again,
because of (involuntarily) suboptimal management on the egg collection times
the control chart of the EP data is not performing well.

In the log, it can be noted that before the heat stress emerged, there was
an E.coli infection (DOL 195). Although medication was given, a higher
mortality was seen around DOL 200 (see figure 8.3). This infection was not
completely resolved as was proven by the renewed infection at DOL 217. In
the days before this observation, the farm manager noted again that the eggs
were paler (see section 2.3).

After another suspected E.coli infection (DOL 217), and looking at
the poor results so far, the farm manager finally decided to stop the first
production round and force the hens into moulting. The moulting period was
initialized at DOL 247. From this point on the monitoring in the framework
of this work stopped, so there were no results available on the success of the
moulting operation.

As can be seen from the alarm chart (figure 8.2), the control chart for
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WA generates quite a lot of alarms. These are all positive alarms (as can be
partly seen in figure 8.4) as a result of the underestimation of the trend by
the algorithm. Although water consumption is rather normal, positive alarms
are generated.
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Figure 8.5. Overview of the different production and quality parameters of flock
L.c, during the period DOL 86 to 150, which corresponds to the second serious
problem.
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Figure 8.6. Overview of the different production and quality parameters of flock
L.c, during the period DOL 180 to 240, which corresponds to the third serious
problem.
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8.3.2 Case study 2

The second case study is flock L.a (12 850 Isa Warren hens, see table 3.1), a
flock housed in a floor housing system. Some results (FE & WA) of this flock
were already discussed in chapter 7 (sections 7.3.5 & 7.3.6).

Table 8.3 shows the log file as it was registered by the farm manager. As
can be seen, few events were inserted. As a result, it was not straightforward
to analyse the results of application of AVES. Nevertheless, the combination
of the different results indicated several problems which had an important
effect on different process parameters.

Table 8.3. Contents of the log file as registered by the manager of layer flock L.a.

DOL Log description

-10 Installation new agricomputer controller.
34 Problem with agricomputer - wrong registration of temperature.
51 Problem with the AET, weight was wrong, after recalibration back OK.

169 Detection of water loss due to breakage in the water supply pipe.
226 Addition of extra chalk in feed.
312 Electrical breakdown.
357 Technical problems with the egg conveyor belt.

First, based on the cusum charts of the different monitored process
parameters - EP, EW, FE, WA, KD & MO - an alarm chart is shown in
figure 8.7. Three main problem situations can be observed: between about
DOL 90 to 135, between about DOL 160 to 200 and between about DOL 220
to 235.

Details for each process parameter during the problem periods (figures 8.9
to 8.11) are presented in the same figure in order to be able to compare the
signalling of the considered parameters. The alarms which were generated
by the cusum chart are included in the observation charts. Figure 8.8 also
provides the charts of daily mortality (left), including the possible alarms
generated by the cusum chart, and of the average temperature (right) in the
hen house.
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Figure 8.7. Graphical representation of the alarms generated by the different
univariate cusum control charts for the production parameters of flock L.a. The
three time periods with main problem situations are indicated with the horizontal
lines (dotted, full and dashed).

Discussion IMS results L.a. Looking at the graphs of the first period
(figure 8.9), the first parameters that provide an alarm are the feed and water
consumption. At DOL 98, FE generates the first alarm and subsequent alarms
are given till DOL 115. At the same time, two alarms can be noticed from the
water consumption. At DOL 100 WA seemed to recover. This recovery may
be related to the occurrence of a slight heat stress. It was already indicated in
section 7.3.5 (see also figure 8.8) that it was relatively warm in the beginning
of this period. From DOL 104 to 111 maximum temperatures above 26 ◦C
were recorded. As the maximum temperature in the hen house was above the
upper comfort zone limit for laying hens on 8 subsequent days, it is believed
that there was some level of heat stress. Although this does not explain the
initiation of the problem at DOL 98, it could have added to the initial problem.
Furthermore, this heat stress can also explain the apparent recovery of WA at
DOL 100 (after two days of decreased WA). It is more likely that this increase
was not a recovering but rather an increase of WA due to the heat stress. This
also explains the drop of WA which is noticed at DOL 112 where it gives an
alarm. Following the recovery of FE after the heat stress from DOL 115 on,
the FE chart again generates alarms at DOL 123. Whether or not this was
still related to the problem which caused the very first alarm (at DOL 98),
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could not be clarified. As a result of the mainly decreased feed consumption,
also a drop in EW can be noticed from DOL 104. The apparent recovery of
the EW around DOL 120 is slowed down by the new drop in FE at DOL 123.
The problem(s) which caused FE, WA and EW to drop, led to a decrease in
the production. As a result the control chart of EP generated some alarms
at DOL 111, 115, 116 and also DOL 129. Yet, the effect on EP was not as
large as on FE and EW. Looking at the graph of KD, the first two alarms are
probably not due to any problem, but rather to some deviating measurement.
Yet, the alarms from DOL 99 on are well related to the problem which caused
FE and WA to drop.

From this analysis, it is clear that some problem did occur together with
a light heat stress, yet the farm manager did not make a note in the log,
nor did he remember something afterwards. As a result, these phenomenons
remained unnoticed.

In the second period (figure 8.10), first WA provides alarms at DOL 164 to
169. This was caused by the leak in the supply pipe of the watering system, as
can be read from the log file (table 8.3). This leak was detected and repaired
at DOL 169. After repairing this, the water consumption quickly recovered,
yet about five days later, the water consumption reaches the same level as
when there was a leak which again resulted in alarms (DOL 175 to 179).
The farm manager could not give any indication what might have happened.
Since no alarms were given in the other parameters around these days, it was
suggested that there might have been some registration errors and that the
hens still received enough water.

In addition, the chart for FE generated a series of alarms between DOL
185 till DOL 192 as a result of a decreased feed consumption of about 10 to
15 g. This was the result of summer heat stress. The average temperature
graph in figure 8.8 shows maximum temperatures above 26 ◦C from DOL 181
to 189. As a result of this heat stress, WA increased which resulted in positive
alarms, EW dropped and eventually also EP dropped. The farm manager was
well aware of the possible heat stress effect, yet he took no special measures.
Although there seems to be a slight decrease of KD, there was no signal of it
in the control chart.
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In the third period (figure 8.11), from DOL 221 to 227 WA generated
alarms due to a decreasing consumption. This was also reflected in EW,
which dropped with about 0.5 g, and even EP provided alarms (although
they were not consecutive alarms). A slightly lower registration for FE can
be noted as well in the graphs, yet no alarms were generated. There was a
slightly higher temperature (DOL 219 & 220), yet not high enough to assume
heat stress. This problem situation passed unnoticed by the farm manager.
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Figure 8.8. Mortality (left) and average inside henhouse temperature (right)
of flock L.a. For the average temperature the first 50 observations were missing
due to sensor failure.
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problem.
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flock L.a, during the period DOL 150 to 200, which corresponds to the second
serious problem.
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Figure 8.11. Overview of the different production and quality parameters of
flock L.a, during the period DOL 200 to 230, which corresponds to the third
serious problem.
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8.4 Comparison of online and offline cusum

results

After the detailed discussion of the two case-studies, here a comparison of
the online and the offline cusum results is given. This was done to illustrate
that the online sequence of models approach provides an added value. The
example given is based on the FE data of flock L.c. Figures 8.12 and 8.13
respectively show the control charts of the offline post-hoc and the realistic
online problem detection. Remember that in the offline approach all data are
used and that in the online approach out-of-control observations are excluded
from trend detection.

It can be seen that the chart resulting from the offline approach indicates
the three problem situations mentioned and discussed before. On the contrary,
the chart generates a lot of positive alarms. This is because the model is pulled
down by the observations in the problem periods. These positive alarms are
false alarms. From the online approach only one positive alarm is seen.
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Figure 8.12. Resulting control chart of the post-hoc offline problem detection
approach based on the FE data of flock L.c.
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Figure 8.13. Resulting control chart of the realistic online problem detection
approach based on the FE data of flock L.c.

8.5 Discussion

In this chapter, the application of the IMS on the available data of two
commercial flocks (L.a & L.c) was presented. Since the control chart
algorithms of the IMS were being developed during the monitoring of the
flocks, this application had to be performed post-hoc, meaning after the
production periods of both flocks were finished. The problem with such a
post-hoc application is that a good log file has to be available for explaining
the signals generated by the control charts. As can be seen from table 8.3,
the log file of flock L.a was very limited. As a result, not every signal could
be clearly explained.

In the post-hoc analysis approach, a monitoring system to prevent the
occurrence of serious problems, is possibly applied to data with severe
deviations which results in some practical implications for the IMS, an aspect
which was already addressed in section 7.4. The data of flock L.c inclined
towards such data. As a result, the trend detection seemed to under- or
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overestimate the data more often and hence the performance of the control
chart was suboptimal. For example, the third problem in flock L.c caused the
EW to drop. The control chart for EW signalled this problem only at DOL
215 while a decrease of 0.5 g (the desired shift to detect) was already present
at DOL 210. Another example is the series of positive alarms of the control
chart for WA for flock L.c after the first serious problem. These positive
alarms are the result of an underestimation of the trend detection algorithm.

Besides, the post-hoc approach does not allow for a good estimation of the
actual rate of false alarms. In order to have a good insight in the performance
of the IMS, it has to be used actively and in real time, meaning that the farm
manager has to react upon signals of the IMS. Only in this way the sensitivity
and specificity of the IMS can be evaluated.

Looking at the results of both flocks (figures 8.4 to 8.11), most of the
problems were first noticed in the feed or water consumption. If the problem
persisted (as was often the case in these studies), it was also reflected in the egg
quality and production. This confirms the findings of Lokhorst et al. (1996)
who stated that feed consumption was one of the critical success factors for
monitoring the production of consumption eggs (see table 8.1).

Although KD was only recorded on a small sample of eggs and only three
times a week, even in such an experimental setup it was possible to observe a
decrease of shell strength as a result of a problem. This confirms the practical
relevance and applicability for KD in a monitoring scheme for optimizing egg
quality as was concluded from chapter 2 (section 2.2).

The hens of flock L.c were moulted after about 250 days of production.
The goal of the moulting of hens is to induce a rejuvenation of the reproductive
tract. After moulting, the hens have higher egg production and the quality of
the eggs is better (improved shell quality, improved albumen quality and less
inclusion) compared to the end of the preceding laying period. The success of
a forced moulting primarily depends on the condition and the age of hens at
the point of moult initialization and on the moulting method. For a successful
moult, the practical guidelines state that the hens have to lose about 25 % of
their body weight in order to achieve a good rejuvenation of the reproductive
tract (Verheyen et al., 1990).

In general, laying hens are kept for one productive cycle. Only a minority
of layer farm managers moult their hens to bring them into a second or even
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a third production period. The motive for moulting is usually economically
based and depends on the market price and/or the technical results in the
first laying period. For instance, if the technical results were unsatisfactory -
as was the case for flock L.c - the returns on eggs do not cover the complete
production cost, including the purchase cost of the hens. So, the farm manager
decides to keep his hens for a longer time in order to increase the profitability
of his flock of hens (Olivier, 1992).

Finally, from the comparison of the online and offline approach, it can be
concluded that the online approach provides a realistic and practical relevant
problem detection. With the examples in figures 8.12 and 8.13 the usefullness
of the development of the IMS is proven.

8.6 Summary

The prototype of the Intelligent Monitoring System, AVES, was applied
post-hoc to the data of two commercial flocks, L.a & L.c. The results showed
a considerable number of signalled problems. In each flock three important
problems occurred which affected most monitored production and quality
parameters. As a consequence of the post-hoc application, in some cases the
control chart was not able to detect a decreasing value fast. Furthermore, for
some parameters, there seemed to be a lot of false alarms. A good evaluation
of the results of such a post-hoc performance depends on the quality of the
log file. The higher quality log file of flock L.c resulted in a better discussion
of the acquired IMS results. An active real time application of the IMS is
necessary for a reliable validation of the developed IMS.
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Chapter 9

Development of a

Multivariate Control Chart

If everything seems under control, you’re not going
fast enough.

Michael Andretti

9.1 Introduction

In the preceding chapters univariate control charts were developed and
presented to monitor the complete production process. There are two main
reasons why multivariate monitoring is of interest. The first reason is
statistically founded and was already mentioned in section 1.4.1. Due to
the correlation between the parameters, using only univariate control charts
and independently from each other, might be very misleading. Figure 1.2
illustrated this issue. While both univariate control charts signal no problem
in this example, the joint control region shows one point with a clear deviating
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behaviour. The second reason is that different production parameters can be
studied and monitored simultaneously and combined in one single control
chart (Mason and Young, 2002).

Multivariate statistical process control is one of the most rapidly
developing areas of SPC (Woodall and Montgomery, 1999; Bersimis et al.,
2007) and already a wide range of procedures have been developed. Therefore,
a brief review of the available statistical techniques for multivariate process
control is presented first. Next, the development procedures for the
multivariate cusum (mcusum) and the most classical multivariate chart,
the Hotelling’s T 2 chart, are discussed. Finally, attention is paid to the
interpretation of the signals generated by a multivariate control chart is
handled.

9.2 Multivariate control charts: brief overview

In literature, first Lowry and Montgomery (1995), then Woodall and
Montgomery (1999) and most recently Bersimis et al. (2007) provided good
reviews on the status of developments of multivariate control charts. In this
section, a brief overview of the available multivariate statistical process control
charts is given.

The principle of multivariate process control techniques was established
by Hotelling (1947) who developed a Shewhart-like multivariate control chart
for the Hotelling’s T 2 statistic, a measure for the statistical distance of
a multivariate observation vector to the mean of the data. Such control
charts have been designed for individual observations and sample observations
(sample size m). In each of these two particular cases the calculation of the
control limit differs. The work of Mason and Young (2002) and Montgomery
(2005) provides a detailed description of and recommendations for the design
procedure of a Hotelling’s T 2 chart.

In addition, also Shewhart-like charts to monitor process variability
(summarized in the variance-covariance matrix Σ) have been developed. The
control charts for process dispersion are mostly based on two single-number
quantities: either the determinant of the variance-covariance matrix |Σ|, also
called the generalized variance, or the trace of the variance-covariance matrix
trΣ which is the sum of the variances of variables (Bersimis et al., 2007).
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Bersimis et al. (2007) also mention control charts using robust estimators
for the mean vector and the variance-covariance matrix, control charts for
multivariate attributes processes, solutions for autocorrelated multivariate
processes and non-parametric control schemes.

The Shewhart like control charts, similar to the univariate case, only use
information of the current sample and hence are less suited for detecting
smaller shifts. To provide more sensitivity for smaller shifts, multivariate
extensions of the cusum (mcusum) and the EWMA (MEWMA) control charts
have been developed. In the cusum type charts, the most promising charts
have been proposed by Crosier (1988) and Pignatiello and Runger (1990).
First they both mentioned mcusum charts of T (square root of the Hotelling’s
T 2 statistic) (Crosier, 1988) and T 2 (Pignatiello and Runger, 1990), but due to
the bad ARL properties of these scalar mcusum charts, they both presented
similar vector based mcusum schemes. Bersimis et al. (2007) also mention
references on a mcusum for controlling the variance-covariance matrix and a
non-parametric mcusum.

Lowry et al. (1992) introduced a multivariate extension of the EWMA
control chart. Prabhu and Runger (1997) and Montgomery (2005) provide
good recommendations on the design of MEWMA charts. In the category
of MEWMA charts Bersimis et al. (2007) mention existence of MEWMA
charts for monitoring process variability, a MEWMA chart using principal
components of the original variables, a MEWMA chart that simultaneously
monitors the process mean vector and the variance-covariance matrix and two
alternatives to the MEWMA chart being an arithmetic multivariate moving
average and a reduced version of the MEWMA.

A third group of multivariate control charts is used when dealing with
high-dimensional processes. These charts are based on statistical projection
methods like principal component analysis (PCA) and partial least squares
(PLS). In both these methods a model is built on historical in-control data and
monitoring occurs by checking if new observations fit well in the model (Lowry
and Montgomery, 1995). The PCA approach is used when no production
quality data are available, while in the PLS approach it is possible to develop
a predictive model for the quality characteristics (Bersimis et al., 2007).

As can be seen, there is quite a wide range of multivariate control
charting procedures, including those for detection of small shifts. The problem
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with the proposed extension for the cusum chart, which was used in the
univariate phase of this work (see chapter 4 & 7), is that the statistical
basis for these methods is not yet completely unfolded. The analysis of
the proposed multivariate cusum schemes has been based on simulations
and as a result few performance quantifications and design recommendations
are available (Montgomery, 2005). Although the basis for a multivariate
EWMA is more solid, it is easier to implement (Montgomery, 2005) and design
recommendations are available (from amongst others Prabhu and Runger
(1997), and Molnau et al. (2001) and Montgomery (2005)), the MEWMA
has the same practical drawback for the specific case in this work as the
univariate EWMA, namely that it is not so suitable for setting back to an
in-control status (see chapter 1 section 1.4.1).

Nevertheless, this does not exclude applicability of these schemes to the
egg production process a priori. The detailed investigation and design of a
multivariate control scheme based on current knowledge was beyond the scope
of this work. Yet, as a completion of the information presented in this work,
the most promising mcusum scheme (according to Hawkins and Olwell (1998))
proposed by Crosier (1988), is presented. If in the near future performance
quantifications and design recommendations for the mcusum chart become
available, this information can be used in addition to the presented theory in
section 9.4. As it was the initial aim of this work to include a multivariate
chart into the IMS, a classic (Shewhart-like) Hotelling’s T 2 control chart is
designed in detail in section 9.5. Before these can be presented, the issue of
missing values in the multivariate data matrices is tackled.

9.3 Handling missing data

Missing data can occur for different reasons, ranging from technical failure
to managerial failure or outlying observations (Broersen et al., 2004a,b). For
the univariate control charts, this was not really a problem, except in the
case that many consecutive observations were missing. In the multivariate
charting procedure, missing data are a more serious problem.

To illustrate the issue of multivariate missing data, figure 9.1 graphically
represents a multivariate dataset of the first 50 observations of flock L.c. For
example, the missing values in the EW (column 2) are caused by the fact
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9.3 Handling missing data

that the layer farm has no weighing scale on-farm and hence EW data are
only available from deliveries to the packing station which took place about
three times per week. The missing values of the KD data (column 6) are the
result of the fact that this egg quality measure was only assessed three times
per week. But as can be noted, this measurement frequency was not even
reached. From this figure the fraction of full entries could be calculated: only
10.2 % of the observations simultaneously contained data for all parameters.

da
ys

 o
f l

ay

EP EW FE WA MO SG KD
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Figure 9.1. Graphical illustration of the datamatrix of flock L.c with the missing
values in grey and real values in white.

A simple way to handle missing data in a multivariate data matrix would
be to delete the observations (or parameters) with missing values. However,
doing so it has to be assured that the remaining data are still a representative
reflection of the production process. In many cases, this is not the best
solution and hence the problem of missing data becomes complex (Mason
and Young, 2002; Montgomery, 2005).

There are several different solutions at hand for this problem. One
approach would be to reconstruct or interpolate the missing values in each
univariate parameter (for more information on this matter see Broersen
et al. (2004a,b); Broersen (2006)). Yet, working on a multivariate scale,
this approach is not advised as it is incapable of including the correlation
structure between the different process parameters in the multivariate matrix.
Therefore it would be better to impute missing values by means of a
multivariate modelling approach (Figueredo et al., 2000; Imtiaz and Shah,
2008; Khoshgoftaar and Van Hulse, 2008; Philipson et al., 2008). An
interesting and already widely used form of data imputation is based on

235



9 Development of a Multivariate Control Chart

latent variable modelling (principal component analysis) (Figueredo et al.,
2000). PCA modelling is a technique which is well known and elaborately
described in multivariate statistics handbooks. The method of using a PCA
model for imputing the missing values in the multivariate data matrix of the
corrected residuals of egg production and quality data was used in this work.

Similar to the issue of missing data for the development of the ARMA
models in chapter 5 (section 5.4.2), the maximum likelihood estimation
method for the coefficients of the PCA model has to be used. This method is
described by Wentzell et al. (1997) and by Andrews and Wentzell (1997). To
perform the maximum likelihood estimation of the PCA models in this work,
the MLPCA algorithm contained in the PLS-toolbox1 for Matlab was used.

Again similar to the univariate ARMA modelling, only in-control
observations should be used for the estimation of the PCA model. Hence the
procedure for imputing the multivariate data matrix connects to the procedure
for development of the multivariate control chart (see figure 9.2 p.245). In
section 9.5.2 a reference is made to the development of the PCA model and
imputing of the missing data. In general, a PCA model is estimated from the
in-control observations, and if a new registered observation contains a missing
value this PCA model is used to predict the missing value.

Despite the availability of the PCA based imputation, it is advised not
to perform multivariate control on a data matrix which contains process
parameters with over 40 % of missing data. In this case, the concerned
paramater should better be omitted from the multivariate matrix. Raiko
et al. (2007) stated that in case of many missing data, overfitting becomes a
severe problem and wrong inferences are made.

9.4 The multivariate cusum control chart

The multivariate cusum scheme which is considered as the probably most
promising (Lowry and Montgomery, 1995; Hawkins and Olwell, 1998; Woodall
and Montgomery, 1999; Montgomery, 2005; Bersimis et al., 2007) was
introduced by Crosier (1988). In this procedure, a cusum vector is created
directly from the observations. In the simulation studies carried out by Crosier
(1988), this scheme clearly gave faster detection of small shifts in the mean

1PLS-toolbox v.5.2, Eigenvector Research, Inc., WA, USA. - www.eigenvector.com
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vector compared to the Hotelling’s T 2 chart.
The mcusum scheme of Crosier (1988) calculates the statistic

Ci =
√

(Si−1 +Xi)
′ Σ−1 (Si−1 +Xi) (9.1)

in which Si = 0 if Ci ≤ k

Si = (Si−1 +Xi)(1− k/Ci) if Ci > k
(9.2)

with S0 = 0 and k > 0. This mcusum scheme generates a signal when

γi =
√
S′i Σ−1 Si > h (9.3)

with h > 0 chosen to provide a desired in-control ARL (calculated by
simulation). To define the value for k, Crosier (1988) recommended to define
k as:

k =
δ(µ1)

2
(9.4)

with δ the non-centrality parameter at the specified out-of-control mean µ1.
The non-centrality parameter is a measure that quantifies the shift size in
multivariate control procedures and is calculated as:

δ =
√
µ′1Σ−1µ1 (9.5)

which depends on the mean of the process after the shift and the
variance-covariance matrix Σ. Montgomery (2005) stated that if the mean
shifts by a certain constant multiple a of the original mean vector µ, then
δ changes to aδ. Large values of δ correspond to a larger shift in the mean
vector. When δ = 0 the process is assumed in-control.

As mentioned before, the value of h is defined through simulation (see
appendix of Crosier (1988) for explanation). A complete detailed simulation
study for the specific case of the egg production process was beyond the scope
of this work. Furthermore, in recent literature few additional publications
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have come available providing more performance quantification and design
recommendations on the available mcusum schemes. Therefore, the classic
Hotelling’s T 2 chart was used for multivariate control in this work and its
construction is presented in the next section.

9.5 The Hotelling’s T 2 control chart

The Hotelling T 2 chart is the most known and widely used multivariate
control chart for monitoring the mean vector of a process. This Hotelling’s T 2

statistic, introduced originally by Hotelling (1931) as a generalization of the
Student t statistic, quantifies the statistical distance between two multivariate
observation vectors.

The Hotelling’s T 2 statistic is calculated as:

T 2 = (X − µ)′Σ−1(X − µ) (9.6)

with X the n× p matrix of n observations from p process parameters, µ the
1×p mean vector and Σ−1 the inverse of the p×p variance-covariance matrix.
The variance-covariance matrix Σ collects the variances and covariances of
the different process parameters in the observation matrix X. The main
diagonal elements of Σ are the variances and the off-diagonal elements are
the covariances. The variance-covariance matrix describes the multivariate
spread properties of the data (Montgomery, 2005).

Later, Hotelling (1947) developed a control chart procedure for
simultaneously analysing correlated variables based on T 2. The Hotelling’s T 2

control chart is a Shewhart-like chart which is based on testing the hypothesis
that a certain multivariate observation vector belongs to the same multivariate
normal distribution as the observations originating from a period in which
the process was known to be in-control (Mason and Young, 2002). In this
section, the construction of a Hotelling’s T 2 chart for monitoring the mean
of the egg production process data is described. Recall that most data series
of the different egg production and quality parameters consist of individual
observations, except for the dynamic stiffness and the transmission colour
value from which the sample mean is used. Design of a T 2 chart in the
specific case of individual observations is discussed.
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9.5.1 Assumptions for using the T 2 statistic

Mason and Young (2002) define the basic assumptions that have to be made
and requirements that must be in order to use T 2 as a control statistic. These
include:

1. the observation vectors should be multivariate normally distributed;

2. the observations should be independent;

3. a correct control limit (UCL) has to be defined;

4. a sufficient reference period length should be collected;

5. a consistent estimator of the variance-covariance matrix has to be
obtained.

The data that are introduced into the T 2 chart are the corrected residuals
resulting from the univariate application of the synergistic control scheme. As
was shown in the previous chapters, it may be assumed that these residuals are
normally distributed. In case of the mortality data, these could be adjusted to
a normal distribution by the transformation MO′ = 2 · arcsin

√
MO with 0 ≤

MO ≤ 1. If these assumptions hold, the joint distribution can also be assumed
to be multivariate normal (Kutner et al., 2005). The same extrapolation holds
for the indepence assumption.

The issue on the UCL is related to the phase of charting and to the fact
whether individual observations are made. This is handled in section 9.5.2.
The last two requirements, sufficient reference period length and consistent
estimator of the variance-covariance matrix, are related to each other and are
also discussed in the following section.

9.5.2 Construction of the control chart

Based on Mason and Young (2002) and Montgomery (2005).

Two distinct phases can be discerned in control chart practice. In Phase
I, also called the retrospective phase, the charts are used to test whether
the process was in-control when the first measurements were performed.
In Phase II the control chart is used to test whether the process remains
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in-control when future measurements are made (Bersimis et al., 2007). An
important difference between the univariate and the multivariate control
chart which should be designed for the egg production process, is that the
data - the corrected residuals and the transformed mortality data - are
autoscaled2 before introduction into the multivariate control chart. This
autoscaling is performed to make sure that all parameters have the same
influence on the multivariate calculations. Otherwise process parameters with
higher measurement values (e.g. residual KD=5 · 103 vs. residual EW=0.5)
dominates the calculations and give skewed results.

I. Phase I: purging and calibration

In the first phase of the development of a T 2 control chart, an Historical Data
Set (HDS) has to be available for estimation of statistical chart parameters of
the in-control process. This HDS could be compared to the reference period
for the univariate control charts. From the univariate reference period, a first
estimation of the in-control variability, σ0, was made and used for estimating
the reference value (K) and the decision interval (H) of the cusum chart.
Likewise, a reference period is defined for the multivariate chart for initial
estimation of the mean vector µ and the variance-covariance matrix Σ. As
for the univariate control charts (see section 7.2), a reference period of 21
observations is taken for the multivariate control chart.

Yet, before these estimations can be made, the missing values in the
reference period are imputed by means of a PCA model. The coefficients
of this PCA model are estimated using the maximum likelihood method.
Afterwards, the Phase I charting commences with the purging of the HDS
of the reference period for unusual observations, meaning that observations
located at an extreme distance (T 2-value) of the mean data cloud are
discarded for estimation of the chart parameters.

Consider the HDS matrix X (n × p). In the case of the egg production
process, the chart parameters µ and Σ are typically unknown. Hence the
estimates X̄0 and S0 for µ and Σ have to be obtained from X. In the case of
unknown parameters in Phase I and individual observations, the distribution

2Autoscaled or standardized data are obtained by dividing mean-correcting them and

subsequently dividing them by the standard deviation. Variances of autoscaled data are

always 1 and the covariation always lies between -1 and +1 (Sharma, 1996).
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9.5 The Hotelling’s T 2 control chart

of T 2 is best approximated by a beta distribution. As a result, the control
limits should also be based on this distribution3. This leads to the following
Phase I limits:

UCL =
(n− 1)2

n
Bα,p/2,(n−p−1)/2 (9.7)

where Bα,p/2,(n−p−1)/2 is the upper αth quantile of the beta distribution,
Bp/2,(n−p−1)/2. Since the T 2 statistic is a positive integer quantifying the
statistical distance, there is only an upper control limit (UCL). For extreme
large values of T 2 the observation is far remote from the target (zero vector)
and small or zero values of T 2 correspond to points very close to the target.
For all observations in X the T 2 statistic is calculated, and the observations
of X are retained if

T 2 = (X − X̄0)′S−1
0 (X − X̄0) ≤ UCL (9.8)

If there exists an observation with a T 2 value greater than UCL, it is removed
from the reference period. With the remaining observations, the estimates
for the mean vector and the variance-covariance matrix and the values for
T 2 are recalculated and rechecked. This purging process is repeated until all
outlying observations are removed.

Lowry and Montgomery (1995) performed an extensive study on the
sample size of the HDS, and they recommended that it should always be
greater than 20 and often even more than 50 samples. It could be discussed
that the reference period of 21 observations might be pushing the lower
recommended sample size limit of 20. But as for the univariate control charts,
again an online approach is aimed at. This means that all newly acquired
in-control observations are added to the HDS and the parameters (X̄0,S0) are
re-estimated.

II. Phase II: monitoring

After purging the reference period in Phase I, Phase II aims at keeping the
process in-control by signalling deviating observations. Before the chart design

3In case that the parameters are known, the distribution of T 2 is best approximated by

a χ2 distribution and the control limit is calculated based on this distribution.
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9 Development of a Multivariate Control Chart

is presented, the choice of the false alarm rate is briefly discussed.

Average run length. As for univariate control charts, the setting of the
UCL of a multivariate control chart depends on the shift one wants to detect
with an acceptable amount of false alarms (ARL0). For a multivariate control
chart procedure, this shift size is quantified by the non-centrality parameter
δ (eq. 9.5). The average in-control run length of a T 2 control chart, the false
alarm rate ARL0, depends on the choice of α, the probability of a statistical
Type I error4, with ARL0 = 1/α. As was shown in the Phase I section, a
signal is given when T 2 exceeds the UCL (eq. 9.8) and the UCL is primarily
determined by the choice of α (eq. 9.7).

As with the univariate control charting, the choice of α is related to the
value of β, the probability of a statistical Type II error5. The value of β
defines the out-of-control ARL1 with ARL1 = 1/(1−β). Calculation of β and
hence the time to signal the alarm is not as straightforward as for α. Mason
and Young (2002) provide an integral equation which forms the basis for a
calculation of β for shift in the multivariate normal mean vector.

Both statistical errors (Type I & II) are related through the property
that an increase of one results in a decrease of the other. As mentioned
for the univariate control charts, when designing a control chart one aims
at an acceptable maximal false alarm rate and a minimal detection speed.
For multivariate control charts, the number of considered variables also plays
an important role on the true false alarm rate (Mason and Young, 2002;
Montgomery, 2005; Bersimis et al., 2007).

Mason and Young (2002) provide a rule of thumb for calculating α. For
p variables monitored, the simultaneous false alarm rate (false alarm rate of
the multivariate data matrix) αs = ARL−1

0 can be calculated as:

αs = 1− (1− α)p (9.9)

with α the false alarm rate for each individual variable. For example, if
α = 0.01 for p = 4, αs = 0.0394 which comes down to an ARL0 of about 25.

4A Type I error occurs when the chart gives a signal when in reality no problem is

present.
5A Type II error occurs when no signal is given at the moment that there effectively is

a problem.
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9.5 The Hotelling’s T 2 control chart

From this it can be deduced that for a given desired ARL0, the setting for α
can be approximately calculated from:

α = 1− p

√
1−ARL−1

0 (9.10)

This approximation provides a good estimation of the false alarm rate with
uncorrelated process parameters. In case of correlation the true ARL0 is
higher.

Chart design. As for Phase I, the T 2 chart has to be designed with
unknown parameters meaning that estimates of the mean vector and
variance-covariance matrix are necessary. In the classical application of a
T 2 chart, the estimates X̄0 and S0 obtained from the purged HDS in Phase
I are kept constant throughout the rest of the monitoring process. In this
work, the online approach is used meaning that the chart parameters are
updated when new in-control observations and as such a good estimation
of the variance-covariance matrix become available. Furthermore, also the
PCA model for imputation of missing values in future observation vectors are
re-estimated based on the in-control data.

As a result, the procedure is as follows. First, the newly registered
observation vector Xi (i = 21 + 1) is checked for missing values. If it contains
more than 40 % missing values, the complete observation vector is considered
missing (and for matters of charting the value for T 2 and UCL on time point i
are taken the same as time point i−1). If not, the missing values are imputed
by means of the PCA model based on the observations in the purged reference
period. Using the estimated in-control mean X̄0 and variance-covariance
matrix S0 calculated in Phase I, the T 2 statistic can be calculated for the
new observation vector Xi with

T 2
i = (Xi − X̄0)′S−1

0 (Xi − X̄0) (9.11)

In Phase II of the chart construction, the T 2 statistic follows the F

distribution. For a given α of the F -distribution, the UCL is computed as:

UCL =
p(m+ 1)(m− 1)

m(m− p)
Fα,p,m−p (9.12)
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with m the number of in-control observations and Fα,p,m−p the αth quantile
of Fp,n−p. If this new obtained observation vector at time point i = 21 + 1
is larger than the UCL, a signal is generated and hence the measurement
is out-of-control and no recalculations have to be performed. When the last
observation was in-control, it is included in the re-estimation of X̄0 and S0, the
number of in-control observations m is increased with one unit and the UCL
is recalculated. Furthermore, also the PCA model for possible imputation of
future missing values is re-estimated.

Figure 9.2 summarizes the procedure for the construction of the
multivariate Hotelling’s T 2 control chart based on the corrected residuals of
the different egg production and quality parameters. Furthermore, figure 9.3
in section 9.8 shows an example of such a chart based on the data of flock
S.a.

9.6 Selection of process parameters

In this work nine production and quality parameters were discussed for
monitoring the egg production process. From the development of the
univariate control charts it became clear that not all parameters are as
sensitive to detect deviating values. Nevertheless, from a monitoring point
of view it is better to use as much information as possible. So, in theory all
nine parameters - EP, EW, FE, WA, BW, SG, KD, TCV & MO - could be
used in the multivariate control chart. That is, of course, when all of these
parameters were registered, which is not always the case as can be seen from
table 3.2.

Lokhorst et al. (1996) stated that daily data on EP, EW, SG, FE, WA,
MO, BW and temperature are important for control of the production process.
Another issue for selecting a process parameter is the fraction of missing data
within the univariate data series. Although a procedure to tackle this issue
was presented in section 9.3, it has its limitations. Therefore, the suggestion
is formulated that if the fraction of missing data within the univariate data
series of a process parameter exceeds 40 %, the parameter should be excluded
from a multivariate control chart procedure.

The example T 2 chart, figure 9.3 in section 9.8, is based on the data of
flock S.a. For this chart, sufficient data were available on EP, EW, WA, SG,
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BEGIN

1: INITIALIZE

1. Autoscale matrix 21 first 
corrected residuals

2. Impute missing values using
Maximum Likelihood PCA
3. Calculate Phase I chart

4. Calculate UCL Phase II chart

2: AUTOSCALE & IMPUTE

1. Autoscale new observation vector
of corrected residuals

2. Impute missing values 
(MLPCA model)

3: CHECK

Calculate T² new observation 
Vector & compare with UCL 

(Phase II chart)

In Control?

Yes

No

New 
Observation?

Yes

No

4: UPDATE

Update parameters PCA Model

5: ADJUST

1. Re-estimate μ and Σ
2. Adjust UCL

ALARM

END

Figure 9.2. Flowchart of the different steps for the construction of the Hotelling’s
T 2 chart for multivariate process control.

245



9 Development of a Multivariate Control Chart

KD and TCV.

9.7 Interpretation of a multivariate signal

Interpreting the signal (alarm) of a multivariate control chart is not as
straightforward as in the univariate case since a variety of relationships
between the considered process parameters can produce a signal. More
specific, the signal can be the result of a deviating value of an individual
process parameter, or of a different correlation structure between two or
more process parameters or a combination of both (Mason and Young, 2002).
For this reason, the standard (practically convenient) practice of plotting
univariate charts may not be very successful (Montgomery, 2005). The issue
of interpretation of multivariate signals has received quite some attention.
The work of Mason et al. (1997), Fuchs and Kenett (1998) and more recently
Bersimis et al. (2007) provide overviews or comparisons of existing procedures,
including:

• ranking the components of an observation vector according to their
relative contribution to a univariate t statistic;

• regression adjustments for individual process parameters;

• use of a different distance measure;

• a step down procedure for signal location;

• use of control charts with principal components;

• a method based on discriminant analysis;

• graphical techniques;

• decomposition of the T 2 statistic.

The latter mentioned approach, the decomposition of the T 2 statistic, has
proven to be very useful. In this approach, the T 2 statistic is decomposed
into components that quantify the contribution of each individual considered
process parameter. Both Mason and Young (2002) and Runger et al. (1996)
presented similar procedures to perform this approach. The approach of
the former authors, the MYT (Mason-Young-Tracy) decomposition, can be
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9.8 Practical example of a T 2 chart

considered as the extensive approach of the method suggested by Runger et al.
(1996). The main drawback of the MYT approach is that the decomposition
of the T 2 statistic into p different independent partial T 2 components is not
unique with p! different non-independent possible partitions (Bersimis et al.,
2007). As a result the computations are more extensive.

In this work, the method of Runger et al. (1996) was used for its
simplicity of application. In this approach an indicating value for the relative
contribution of the ith process parameter is calculated as:

di = T 2 − T 2
(i) (9.13)

with T 2 the current value of the statistic and T 2
(i) the value for the statistic

for all process parameters except the ith one. When calculating di for all
considered process parameters (i = 1, 2, . . . , p), the process parameters with
a relatively large value for di are likely to produce the alarm (Montgomery,
2005).

As an example, figure 9.4 presents the graphical representation of applying
this approach to the T 2 statistics of the control chart in figure 9.3. Both the
control chart and the decomposition figure are discussed in the next section.

9.8 Practical example of a T 2 chart

Figure 9.3 presents the Hotelling’s T 2 chart based on the data - EP, EW, WA,
SG, KD and TCV - of flock S.a. Recall that this flock was subjected to three
heat stress periods, namely at DOL 109 to 116, DOL 228 to 235 and 286 to
289. Furthermore, there was a major infestation of red mites (Dermanysus
Gallinae) which caused the hens to develop anaemia.

Inspecting the chart, there are four main alarm periods with consecutive
alarms, and in between several single alarms. The alarms occurring from
DOL 44 to 47 and DOL 56 to 62 were the result of the infestation with red
mites which caused aneamia. Since the control chart procedure was performed
post-hoc, this was not noticed until the red mites were visibly present in the
hen house. The first treatment against the red mites was performed at DOL
63. Using the decomposition approach presented in equation 9.13, it was
clear that the alarms in this period were mainly caused by the reduced EP
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9 Development of a Multivariate Control Chart

and dropping EW as a result of aneamia.

The second important block of alarms occurred at DOL 109 to 128 which
coincides with the first heat stress period (DOL 109 to 116). In the first
eight alarms of this block, the main contributors to the signal were the water
consumption and the transmission colour value, with an increased WA as
a reaction to the heat and an increased TCV as a result of paler eggs as
a reaction to the physiological stress. After DOL 117 the alarms were more
dominantly caused by the lower EW. After stopping the heat stress treatment,
the hens needed some time to recover their EW back to the level before the
heat stress. There was also more influence of a lower EP.

The second heat stress period (DOL 228 to 235) caused the chart to
generate the block of alarms from DOL 229 to 236. The main perpetrator of
these alarms was again the increased water consumption. Yet, the influence
of a lower EP and EW was also important. Shortly after these alarms, three
consecutive alarms were generated at DOL 239 to 241. These were caused by
an increased value of KD. The reason for this is a sort of overshoot reaction
after the heat stress which can be explained as follows. After termination of
heat stress, the hens eat normal quantities again and hence their calcium
intake normalizes. As a result, shell formation normalizes as well. As
mentioned before, the EW needs a longer time to normalize to the level
before the heat stress. As a result, more calcium is available for smaller
eggs resulting in a higher shell stiffness. Although this phenomenon was also
noted in the univariate charts of KD for the first heat stress, this was not
expressed multivariately after DOL 117 because of the dominance of EW.

The final heat stress period (DOL 286 to 289) gave rise to the alarms at
DOL 287 to 289. As this last heat stress period was shorter, the effect was
not as large either. In these signals, the EP, EW and WA were dominantly
present.

The other alarms were generated in periods were no deliberate challenge
was applied to the hens and, hence, the process was suspected in-control. The
alarms at DOL 65 and 66 were caused by the EP and this was due to a shift
in the collection time of the eggs. At DOL 65 the eggs were collected later
than normally and as a result EP was higher at DOL 65 and lower at DOL 66.
The single alarm at DOL 75 was caused by a lower water registration, and the
alarms at DOL 79 and 80 were caused by a higher water registration. There
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was no clear indication for these abnormal registrations. The alarm at DOL
101 was probably caused by a deviating EP value. The alarm at DOL 107
resulted from an increased TCV value, probably due to measurement error.
The alarms at DOL 182, 194, 226 and 246 were all mainly due to an abnormal
WA value (although TCV also displays important influence on the alarm at
DOL 264). They could have been caused by the registrations of the water
system. Finally, the alarm at DOL 212 was caused by a higher KD value than
expected, probably due to measurement error.

When developing a multivariate control chart, it would be of interest that the
incorporation of correlations between parameters possibly provides a faster
detection than when using only the multivariate charts. In this particular
example, this was not particularly the case. Since this flock was deliberately
subjected to extreme challenges (for high probability of success), there was
no difference in speed between the multivariate chart and the individual
univariate charts for the applied challenges. Only for the problem with the
red mites, the multivariate chart signalled the problem one day earlier than
the earliest univariate chart, which was EP (data not presented).

9.9 Summary

After establishing a procedure for the univariate control of the different egg
production and quality parameters, the transition was made to multivariate
monitoring in this chapter. A Hotelling’s T 2 procedure was used to design
the multivariate control chart. Similarly to the univariate case, also the
multivariate control chart algorithm contains an online approach meaning that
estimation of the in-control process parameters is renewed as new in-control
observations become available.

Furthermore, the issue of missing values in multivariate data was handled
by means of an imputing procedure based on a PCA model. Similarly
to the univariate ARMA model development, missing data require that
the estimation of the PCA model coefficients is done using the maximum
likelihood estimation method.

An important issue in multivariate control charting is the interpretation
of a multivariate signal. To analyse a multivariate signal a procedure based
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9 Development of a Multivariate Control Chart

on the decomposition of the T 2 statistic was proposed.
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Chapter 10

General Discussion and

Conclusions

Man is the only creature that consumes without
producing. He does not give milk, he does not lay eggs

[. . .]. Yet he is lord of all the animals.

George Orwell

10.1 General Discussion

10.1.1 Development of an IMS for egg production

The main aim of this work was to design algorithms for monitoring the
production process of eggs. The algorithms make use of the data on the
different process parameters. Many of the important production parameters,
like egg production, feed consumption, water consumption, etc., are recorded
on a regular (at least daily) basis. On the other hand, egg quality assessment
is performed sparsely.

The first part of this work (chapter 2) investigated two novel measurement
techniques, the acoustic resonance technique and transmission spectroscopy,
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10 General Discussion and Conclusions

for their practical relevance for defining egg quality. It was shown that both
fast and non-destructive techniques provide relevant egg quality information.
The former technique on shell quality (KD) and the latter on shell colour
(TCV), which can serve as an indicator for flock stress and health status.

Including these two novel quality parameters, ample data on both input
and output of the production process can be collected on a regular basis and
can be used for monitoring process performance. The concepts of Statistical
Process Control (SPC), and more specifically the control charts, are highly
advised for this purpose. From table 1.2 (p.19) it can be seen that the
application of SPC on livestock production systems has already received
attention and that the interest is still growing. The reason for this is that
control charts can be constructed relatively simple, they are very informative
and they facilitate early detection of emerging problems. Hence, it is very
likely that control charts can create a financial advantage and that SPC
therefore finds its way into PLF in the future (Reneau and Kinsel, 2001;
de Vries, 2001).

The global aim of process monitoring is to detect deviating values of the
considered process parameters. Therefore, a kind of reference or target value is
needed. While industrial processes mostly have a fixed target value, biological
production processes are subject to system specific or seasonal fluctuations.
As a result, the process data typically have specific statistical characteristics:
they are seldom stationary and they mostly display autocorrelation. As a
result, there is no standard or reference to compare with. Moreover, as was
seen in this work, missing values occur regularly.

To deal with these issues, this work presented an EPC procedure to
”clean” the data for system specific characteristics, as Sard (1979) had
already indicated being necessary. To pretreat the raw registered data,
an online sequence of models procedure was developed. In the first step
of this procedure, stationarity is obtained by detecting and removing the
non-stationary trend in the data using non-linear models. As such, a reference
is developed and a target value is obtained. After removal of this trend, the
autocorrelation structure in the residual data, as a result of managerial and
technical aspects, is eliminated using time series models.

A second important challenge in the development of the algorithm was the
need for a realistic model development. Since the process has to be evaluated
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based on the available information only, an online approach is presented. This
”online” approach is an iterative process of recursive estimation of the model
coefficients. As such, the reference is updated as new process information
becomes available.

The corrected residual data resulting from the application of the online
sequence of models procedure are conform with the assumptions of the
classical control charts. These residuals are used to construct a cusum control
chart. The cusum chart generates an alarm when the value of an observation
is too far off-target of the developed reference. This information is not only
used to alarm the layer manager, but it is also incorporated in the recursive
model estimation procedure to exclude these out-of-control observations from
the development of the reference.

In literature, amongst others del Castillo (2002), Montgomery (2005),
Ostyn et al. (2006) and Box and Paniagua-Quiñones (2007), proposed the
use of time series models (ARIMA models) to handle the specific statistical
characteristics of data for application of control charts. In their approach, the
ARMA part of these models is used as proposed in this work. The differencing
(I for integrating, see section 5.2.1) part is used to obtain a stationary data
series. This approach is useful when the non-stationary behaviour can be
described by a linear model. For the production process of consumption eggs,
this was not the case. Because of the non-linear relation between the age
of the hens and the considered process parameters, applying first or second
order differencing to the data series of the the egg production would often not
produce a stationary time series. Moreover, there is the risk of overdifferencing
and introducing an artificial error in the data (del Castillo, 2002). Therefore
the non-linear trend models were used to obtain stationarity.

The univariate corrected residuals can be used to construct a multivariate
control chart. The main advantage of a multivariate control chart is that
it takes the correlation between process parameters into account. As such,
the information present in the combined behaviour of two or more process
parameters is used for monitoring as well. Due to the lack of performance
quantifications and design recommendations on the multivariate cusum, it
was chosen to present a Shewhart-like multivariate chart, the Hotelling’s T 2

chart. The multivariate control chart for the egg production process needs
more attention in future research.
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This combined use of EPC and SPC techniques to monitor and control a
production process is called Synergistic Control. The available work on this
topic (Hawkins and Olwell, 1998; del Castillo, 2002; Montgomery, 2005; Box
and Paniagua-Quiñones, 2007) was mostly applied on a range of industrial
production processes. This work provides the first application of this approach
on data originating from an essentially biological process, more specific the
production process of consumption eggs.

The developed algorithms were the basis of a prototype of an Intelligent
Monitoring System (IMS). Such an IMS can contribute largely to the
optimization of a production process and the quality of the products.
Nevertheless, Deming (1986) indicated that the vast majority of performance
problems of any production process are caused by the design of the production
system. This is certainly the case for biological production systems.

Model-based predictive monitoring or model-based predictive
control?

The modelling approach used in this work aims at monitoring the production
process of consumption eggs rather than actively controlling it, or in other
words model-based predictive monitoring (MPM) rather than model-based
predictive control (MPC). MPC has been a field in which many PLF
publications have made propositions and according to those PLF publications
this is the pathway to follow for process optimization (Belyavin, 1988; Frost
et al., 1997; Aerts et al., 2003; Stacey et al., 2004; André et al., 2007; Parsons
et al., 2007). In the model predictive approach a controller algorithm alters
levels of process input parameters (e.g. feed amount, temperature, lighting)
based on the predicted output in order to achieve a certain level of the process
output (e.g. pig weight, broiler weight, milk production). In other words, the
process is actively kept ”on track” of a certain reference or target trajectory.

The prerequisite for such a MPC system is a high model accuracy on
predicting the response of the process. This means that the model of such
a controller has to be able to deal with the heterogeneous aspects of the
considered livestock production system and that it has to capture the process’
steady state and variability at all times and under all conditions (Wathes
et al., 2008). Groot Koerkamp et al. (2007) stated that the encountered
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heterogeneity in livestock production systems is not only caused by the
essential differences between types of animals (e.g. cows versus chickens),
but, even more important, also by variation between animals of the same type.
This issue brings important restrictions and challenges to the application of
this approach to each livestock production system.

Another important prerequisite for the application of MPC, is the
availability of general valid standards which can serve as the target trajectory.
The problem with using a general trajectory and controlling the production
process to aim at a standard, is that not all individuals out of the population
of a considered livestock species are ”fit” or ”designed” to follow the exact
trajectory. Furthermore, in case of an event which is out of the control of
an MPC based controller, like for instance an infectious disease, the animals
might not reach the aimed trajectory again. As a result, forcing the animals
to the original trajectory will be impossible. Furthermore, it is very difficult
to redefine the trajectory as it will be hard to know what the exact effect of
the event on the animals has been.

In case such a model predictive approach is applied to a production system,
from which individual animal data are available and for which standards or
target trajectories exist, the probability of success increases considerably. For
example, André et al. (2007) developed a model for optimizing concentrate
levels depending on milk production level for a commercial herd of dairy
cows and presented a significant positive economical result. Yet, when no
individual data are available, extrapolating an individual model towards a
population holds great risks since inter-individual variability poses a much
bigger threat on model performance than intra-individual variability (Gous
and Fisher, 2008). In poultry production with flock sizes of multiples of 10 000
birds, no individual data is available. Therefore, Gous and Fisher (2008)
stated that the main power for application of predictive modelling in poultry
(and other high animal number production sectors without individual data),
might be rather in monitoring and detection of problems than in controlling
the livestock production process.

Nevertheless, an important contribution of the approach of model
predictive control could lie in the fact that they provide a more
profound understanding of the complete production system. This could
lead to innovations improving the complete animal production process
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(Groot Koerkamp et al., 2007).

10.1.2 Practical considerations on the IMS for livestock

production

General relevance of the IMS

This innovative research and development presented in this work fits in the
framework of Precision Livestock Farming (PLF). PLF aims at improving
livestock production by means of applying process engineering technologies
to the complex, heterogeneous systems of livestock production (Wathes et al.,
2008). PLF systems are important tools for farm managers to answer to
or comply with the former mentioned demands and to achieve the goal of a
sustainable production of high quality products, with a good balance between
the economical, ecological and social aspects.

Especially the egg producing livestock sector has been confronted with
these issues (e.g. Avian Influenza). However, the biggest challenge is still
ahead. In 2012 all production systems for laying hens have to be equipped
with welfare friendly housing. This does not only mean that layer farm
managers have to invest in installing such new housing systems if they want
to proceed with their job, but also that the management itself has to be
altered and, even more important, that genetic material has to be available
for achieving production and quality levels which are at least as good as
the classical systems. At this moment, June 2009, only 3 years before the
important switch, this is only partially the case. There is still a large need for
proof of repeatable positive (technical) results for a certain genotype-rearing
housing combination on a longer term basis (Tauson, 2005; Van Der Zijpp
et al., 2006; Blokhuis et al., 2007) and hence an ongoing need for improvement
of alternative housing systems and for evaluating the actual welfare of the hens
(Mertens et al., 2009).

This urges for an optimal use of available process information and hence
for an increased professionalisation of the layer management. PLF systems
will prove to be very valuable for supporting the changed production process
of consumption eggs. The IMS presented in this work provides such necessary
management support by interpreting and analysing the data flows which are
generated by already existing PLF systems. Furthermore, this work indicates
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the importance of process monitoring on a daily basis (see also sections 8.2
and 10.1.2) and therefore gives a direction for successful management of flocks
of laying hens. Some aspects of the IMS are discussed in the following section.

Designing control charts

Traditionally, when designing a control chart, aspects such as the cost of
sampling, cost of false alarms, and possible alternatives for the SPC chart
have to be considered (de Vries, 2001; Montgomery, 2005). However, it is
not always straightforward to define these aspects, especially the cost of false
alarm.

It might be possible that alternative methods may be available for certain
aspects of considered livestock production processes. With the improved
regular registration of many production parameters, it is unrealistic to assume
that without SPC charts a certain change would never be signalled. Of course,
this is more related to obvious changes. The added value of control charts is
that they can ”see” changes which would otherwise pass unnoticed.

Looking at the egg production process, and also more in general to other
livestock production processes, the cost of sampling is virtually non-existent in
most cases. For example, as eggs have to be collected anyway, quality can be
defined additionally without damaging the product, systems for registration of
feed and water consumption are already part of the standard equipment and
are mandatory for every basic management, dead hens have to be removed in
all cases . . . Nevertheless, this should be evaluated per livestock production
system, e.g. taking daily samples of milk from each individual cow for milk
quality and content analysis might be costly.

As mentioned, it is very difficult to exactly determine the rate of false
alarms of a control chart under practical conditions. Although simulation
procedures provide a relative reliable estimate, the frequency of process
changes as a result of health problems, technical problems, feed problems,
etc. are typically unknown (de Vries, 2001).

The aforementioned aspects fit in the framework of the economical side of
the design of a process monitoring system. Blackmore (2007) stated that
newly developed PLF systems, like the IMS in this work, should have an
economic model embedded in it. And with Woodall and Montgomery (1999)
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noting that process management is highly motivated by economic measures
of performance, it is clear that the benefits of a new PLF system have to
be maximized and the costs minimized justifying the investment in the new
IT based technology (Banhazi et al., 2007). So, it is clear that during the
design of control charts not only statistical criteria should be considered.
Economical aspects are at least as important and essential, cost is just another
measure with which the performance of a control scheme can be evaluated.
The development of economical models for cost calculation of different control
charts has received more attention in recent years (Montgomery, 2005).

Montgomery (2005) describes the factors that are important for the
development of economical models. First of all the process characteristics
have to be described. This means that the different process states, usually
only two, have to be specified. Second, the cost parameters have to be
defined. Montgomery (2005) defined three cost categories: the cost of
sampling and testing, the costs associated with investigating a signal and with
the repair or correction of the special cause, and the cost associated with bad
quality products. Based on these factors, and based on the desired detection
performance of the chart, an economical model can be designed for the
considered process. Nevertheless, in practice, economical models have been
implemented rarely, mainly because of the complexity of the mathematical
model.

Developing such economical models for livestock production processes
might prove to be even more difficult than in case of industrial applications.
Factors that complicate the development of a general economical model for
a certain livestock production process, e.g. egg production, are market and
farm related: market price of the eggs, production objective of the farm (for
instance maximizing egg mass or first grade eggs within a certain quality class,
e.g. large), is the farm manager working under contract or is he working for
a feed supplier or a egg distributor, is he producing under a quality label,. . .
Hence, instead of choosing the theoretical and mathematical pathway for
providing economical performance measures of a control chart, for livestock
production purposes it might be more interesting to perform case-studies on
different farms and prove economical profitability with the real-time use of
the control charts of the IMS.
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Use of control charts in practice

Another issue that should be mentioned is how strict a process should be
controlled. In this work, it was suggested that single alarms may be ’ignored’.
This was meant in terms of direct reacting and looking for causes. Trying
to overcontrol the process works contra-productive and moreover reduces
confidence of the farm manager in the IMS. Yet, an alarm should anyway
increase the focus of the farm manager and, for example, make him check his
animals an extra time. If something is going on, the next day the IMS will
provide a subsequent alarm and with the information of the general check-up
the day before, the farm manager may already have an indication on where
the problem might be located.

Furthermore, the IMS which is based on the control charts might be
practically of greater value when the theoretical aspect (mathematics and
statistics) is coupled to practical aspects. The IMS as presented in this work
is driven by theoretical triggers. This means that the control chart provides
an alarm when the corrected residuals do not conform the statistical model
underlying the in-control process on which the chart’s limits were set and that
it generates no alarm if the corrected residuals conform the model. The cusum
chart returns to the in-control status when, after a problem was signalled and
solved, the corrected residuals return to the model’s conformity. From a
practical point of view it might be convenient that a possibility is created
in which the farm manager can intervene on this. This means that, in case
a problem induced a process shift and generated alarms, the farm manager
can ”reset” the IMS after he solved the problem. Since livestock production
processes typically do not react instantaneously on process improvements,
the registered data (and hence also the corrected residuals) might still be
out-of-control from a statistical point of view and give cause to control chart
alarms. These alarms are actually not useful anymore, since the farm manager
is already aware of the problem and even solved it. On the other hand, it could
be interpreted that the disappearing of a long-lasting alarm is an indicator of
the time point of recovering of the process. In addition to that, future IMS
could be equipped with an algorithm that models biological recovery. This
way, new problems occurring shortly after a serious previous aberration, can
be detected as well.
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All these aspects are important for successful application of the designed IMS.
Validation of the IMS on data of many varying high and low performance
flocks provides the necessary insights for the thorough evaluation of it.

Terms of successful IMS application

From the analysis of all the data collected in this work, it became clear that the
main condition for achieving a good performance of the IMS and the control
charts it comprises of, is having good quality data. A lack of good quality
data causes abundant false alarms or failure to track the source of a signal of
the control chart (de Vries, 2001). Although this can also depend on technical
aspects of measurement and registration devices (sensor accuracy, system
characteristics,. . .), good quality data mostly depend on good management. It
could be stated that the use of Precision Livestock Farming concepts require
Precision Management.

Good management of the layer farm is the prerequisite for successful and high
quality egg production. Given that the management practices are carried
out as it should, production results can be improved by PLF systems like
the proposed IMS. In this context, the term Good Monitoring Practices is
launched. Good Monitoring Practices combine the management mentality
and the whole of management practices which aim in this case at accurately
monitoring the egg production process, from the welfare of the laying hens to
the hygiene in the egg collection room.

The first essential aspect of Good Monitoring Practices is related to the
general philosophy for the evaluation of the layer flock. On most current layer
farms, the performance of a flock of hens is only analysed and evaluated on
a weekly basis. Flags are only raised after it is clear that the performance
of last week was differing too much from the week before. On this basis it is
very difficult to detect problems. Some problems might occur in the beginning
of the week, gradually reducing hen’s health and performance without being
noticed. When noted during weekly evaluation, the health of the hens might
have already decreased so that clear morbidity signs or even mortality can
be observed. Possibly, this problem could have been noticed by the fact that
the eggs were getting paler (higher TCV), that the hens were losing weight,
or that the food and water consumption were slightly deviating. The idea
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of daily evaluation is not a new idea, it was already launched by Lokhorst
(1996) and Lokhorst et al. (1996) more than ten years ago. Yet, looking at
the current practices, this is entering the daily layer farming management
rather slowly.

The second aspect of Good Monitoring Practices is related to the daily
routines. For example, in order to have a good idea about the production
performance of the flock of hens, the farm manager has to collect the eggs each
day at about the same time. Otherwise, the production numbers are shifted
- with numbers over 100 % for hen-day egg production - and a performance
evaluation can only be made by averaging over a couple of days. Another
example is the daily removal of lethal and dead chickens, which is sometimes
carried out only every couple of days.

If these Good Monitoring Practices are taken into consideration, the
quality of the collected data on the different production and quality
parameters can be achieved. As a picture tells a thousand words, a comparison
of the hen-day egg production data of two commercial flocks, L.a and L.h,
is presented. Whereas the manager of flock L.a applies Good Monitoring
Practices and collects his eggs every day at about 9.30 am, the manager of
flock L.h only tries to collect the eggs at the same time on a Tuesday, the day
he makes his weekly evaluation. It is clear that it is impossible to get any
performance estimation with the IMS on the data of the latter flock.

Available information. The new measurement techniques for shell quality
(KD) and shell colour (TCV) presented in this work satisfy the practical
needs for implementation in an online sorting machine. Since many studies
have been published on the use of KD it could be implemented on a shorter
term. For TCV, newly introduced in this work, more research is required.

Despite the fact that it would be of great interest from the process
optimization point of view, it is not likely that these new techniques find
their way into the smaller farm packing machines. As a consequence,
communication between the egg sorting plants and the egg producers is very
important. In current practices this aspect is also a critical issue. Although
it is highly advised that average egg weight should be measured at the farm,
since it is such an important indicator for problems, several farms in this study
were not equipped with a weighing scale. They have to wait for the report
of the delivered batches of eggs from the egg sorting plant. But as a result
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Figure 10.1. Illustration of difference in data quality of hen-day egg production
of two commercial flocks.

of administration, this can sometimes take 2 to 3 weeks. It is impossible to
perform accurate production monitoring in this way. Furthermore, egg sorting
plants usually only provide quick feedback to the farmers when the quality
has dropped considerately, e.g. if the percentage of cracked eggs has raised to
an unacceptable level.

An organization and optimization of a good feedback system of the egg
quality information would provide valuable information to the layer farm
managers. And when the production process can be optimized, the fraction of
delivered eggs with inferior quality are reduced and more eggs meet consumer’s
demands, resulting in a win-win situation for both links in the egg production
chain.

AVES: scenarios for practical application

The developed algorithms for synergistic control of biological production
processes were the basis for the developed prototype of management
supporting software called AV ES. The way such a management support
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Table 10.1. Overview of the possible scenarios for introduction of the IMS
prototype AVES into practice.

1. Autonomous local IMS

- Data collection via direct link between the local agricomputer and

the local PC.

- Data storage at a local PC.

- Data processing and data analysis at the local PC.

2. Semi-autonomous local IMS

- Data collection through data introduction by the layer manager in

collection file templates which are stored at the local PC.

- Data storage at a local PC.

- Data processing and analysis at local PC.

3. Autonomous central IMS

- Data collection via direct link between the local agricomputer and

a central server.

- Data storage at central server.

- Data processing and analysis at central server.

4. Semi-autonomous central IMS

- Data collection through data introduction by the layer manager in

collection file templates which are send to the central server.

- Data storage at central server.

- Data processing and analysis at central server.

system should be valorized into practice could be realized according to four
different scenarios, as presented in table 10.1.
In the first two scenarios the layer manager would have to purchase a complete
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software package to generate the analysis. On the other hand, the analysis
results are directly available on his personal PC. The last two scenarios enable
the opportunity to work with a web-based application for which the farmer
pays small amounts of yearly contributions. The analysis results are then
available from the server via the internet. For each of the suggested scenarios
a brief SWOT -analysis (Strength - Weakness - Opportunity - Threads) is
presented in table 10.2.

Standardized communication protocol. For the development of the
autonomous variants of the IMS, it is necessary to develop a protocol for
each available agricomputer on the market. This is due to the fact that each
producer of agricomputers uses its specific method and code for organizing
and storing the recorded data.

This issue indicates that there is a need for a standardized data and
communication protocol, and not only in the layer sector but in extension
for the complete livestock production sector. Such standardised protocols
create the opportunity for communication between different agritechnical
applications present at the same location in the logistic chain of the complete
production process. For instance, a communication protocol between an
agricomputer (with e.g. an automatic egg counter) and a farm packing or
sorting machine could be useful for tuning the speed of the packing or sorting
machine in function of the amount of eggs produced, the size of the eggs and
the shell strength. Optimizing this speed can increase the quality of the eggs
because the number of cracked eggs can be minimized in this way.

Choice of scenario. The decision on how such a system should be available
in practice depends on the viewpoint. Commercial companies exclusively
producing such software would probably choose scenario 1. While from a
consultancy point-of-view it might be more interesting to work with scenario
3 or 4 in which the result of multiple layer farms can be collected and maybe
compared.

Although it is not the task of this work to produce a commercial product,
based on the rationale of this work it is suggested to aim at the fourth scenario.
The low-cost registration fee will initially persuade more farmers to start using
the application. Furthermore, since all data and results are centralized, it is
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Table 10.2. SWOT analysis of the valorisation scenarios for the IMS prototype
AVES.

1. Autonomous local IMS

S Analysis on local PC may be faster and performed automatically.

W The IMS has to be equipped with farm specific algorithms for data

collection, depending on the local agricomputer.

O No extra work for the farm manager.

T High purchase cost of the stand-alone IMS.

2. Semi-autonomous local IMS

S Relative simple programming.

W The layer manager has to perform extra work for data collection.

O Work on each farm, with or without connection to an agricomputer.

T High purchase cost of the stand-alone IMS.

3. Autonomous central IMS

S Automatic data collection and fast analysis on the central server.

W The IMS has to be equipped with farm specific algorithms for data

collection, depending on the local agricomputer.

O Low costs (webapplication).

T Availability of a, preferably fast, internet connection.

4. Semi-autonomous central IMS

S Relative simple programming and fast analysis on the central server.

W The layer manager has to perform extra work for data collection.

O Low costs (webapplication).

T Availability of a, preferably fast, internet connection.
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also easier to provide extra consultancy support to the farmer.

General Remark on the use of an IMS.

A final remark on the use of the IMS is that any PLF management system
should aim at supporting the farm management. No intelligent PLF system
will ever be able to include the professional skills of a farm manager.
Practical experience is irreplaceable. An IMS can merely support the
manager in improving the timing and the content of his decisions by analysing
quantitative data. Yet, for the qualitative data the farm manager needs to
be ’in touch’ with his animals by his senses. The well-being of the animals
remains the basis of success for any livestock production process. And this can
only be guaranteed if the farm manager can interpret and anticipate animal
behaviour and well-being. Quoting the advice of of Montgomery (2005) to
any process manager: ”Know your process!”.

268



10.2 General conclusions

10.2 General conclusions

The results obtained in the presented work can be summarized in the following
general conclusions.

1. The Acoustic Resonant Technique and Transmission Spectroscopy,
respectively used for the assessment of shell strength by means of the Dynamic
Stiffness and shell colour by means of the Transmission Colour Value, are
valuable and practically relevant techniques to obtain more information on
the quality of eggs and indirectly on the stress and health status of a flock of
layers. The introduction of these techniques into modern egg sorting machines
in combination with the use of an Intelligent Monitoring System enables to
improve the management of the egg production process.

2. The aspect of non-stationarity and autocorrelation present in data
originating from biological production processes and caused by process specific
and registration dependent characteristics, can be accounted for by a sequence
of models approach. In this approach, stationarity is achieved first through
the development of trend describing models. The autocorrelation structure
in the residuals is then modelled by means of time series models (ARMA) to
obtain stationary and independent corrected residuals. The implementation
of both models is performed using a recursive estimation procedure: the model
coefficients are re-estimated when a new observation become available.

3. Since the resulting data (corrected residuals) are stationary and display
no autocorrelation, the principles of Statistical Process Control can be applied.
In this work, cusum control charts were used. The cusum control chart is used
to detect and signal deviating (out-of-control) values of the most important
parameters in the production process of eggs. Alarms were generated that
warn the user for emerging problems. Moreover, the information of the
control charts is used as feedback in the sequence of models approach so
that only in-control observations are incorporated into the estimation of the
model coefficients. The algorithms that combine the application of modelling
for data pretreatment and control charts for data monitoring form the basis
of the Synergistic Control procedure.
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4. An Intelligent Monitoring System based on this Synergistic Control
procedure, like the prototype AVES, can be an important support for
the management of the production process of consumption eggs. The
successful application of such an IMS requires Good Monitoring Practices
which comprises of daily conscientious data collection and evaluation.

5. The first case-studies using the IMS show that Good Monitoring
Practices and daily evaluation can contribute effectively to the optimization
of the production and the quality of consumption eggs.
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10.3 Future perspectives

In this section, I would like to suggest some ideas for further research and
possible new developments and applications for the presented IMS.

Simulation of control chart performance

As mentioned by de Vries (2001) most publications on the application of SPC
to livestock production processes present a data based design of control charts
rather than a simulation approach. The work of de Vries (2001) is actually the
first publication in which control chart development in a livestock production
context, namely oestrus detection in dairy cows, was done exclusively based
on simulation. To investigate the performance of a control chart thoroughly,
it would be good to perform simulation studies. Although this is not easy in
many livestock production environments, it would provide extra insights in
the control chart performance. The in depth theoretical investigation of the
performance of the control charts - quantified by the ARL’s - by means of
simulation could be done in future work.

Validation of the IMS

Before the IMS can be used in practice, it has to be validated thoroughly.
It has to be assured that the developed algorithms generate relevant results
under all circumstances. In this work, data of in total 14 flocks of laying
hens, from which eight were commercial flocks (see chapter 3), were collected
to develop the synergistic control algorithms. From a practical point of view,
the collection of data of an egg production cycle of a flock of laying hens,
which typically lasts about 12 to 14 months, is a large and time consuming
undertaking. Yet, from a statistical point of view, 14 datasets are not enough
to completely validate the developed IMS.

Furthermore, for each monitored flock it is necessary to have a good log
in which every event possibly affecting the production process has to be
registered. In the data of this work few of the commercial flock managers
provided a good log. And as most of the analysis in this work was done
post-hoc (after all data were collected), a poor log makes it very difficult to
provide good explanations for observed process changes. The reason for this
is that this daily logging is rarely done in practice. Most farm managers
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started off with a good mentality noting most events. Unfortunately, this
quickly faded as time progressed. As a result, the evaluation of the IMS on
the available data of this work was not always possible with inclusion of an
unambiguous explanation for signalled problems. Furthermore, it was not
possible to investigate the number of false negatives rate of the IMS. A good
evaluation of an IMS should include a specificity (correctness of detection
quantified by false positive and false negative rate) and sensitivity (speed of
problem detection) study.

In addition, it is a prerequisite for a validation procedure that the IMS
can be tested in real-time on a commercial farm, and not only post-hoc as was
the case in this work. Only in this way the real effect of the use of the IMS
can be estimated by the possible economic improvements when the considered
production round is compared with historical production rounds at the same
farm or production rounds of similar layer flocks at other farms.

A decent practical validation leads to an in depth theoretical validation.
The more practical real-time data, the better the behaviour of the developed
models can be investigated. For instance, the effect of managerial decisions
or actions (or the lack thereof) on the model stability and accuracy has to
be investigated. As such it would be interesting to monitor the coefficients
of the models itself. This might even provide information on the nature of
the occurring problem. For instance, an aberration occurring as a result of
a disease might emerge slowly, while an aberration as a result of a technical
problem might occur suddenly. Monitoring the rate of the process change can
then support the farm manager to detect the cause and solve it.

A Self-Organizing-Map as expert chart

In chapter 9 it was illustrated that with good quality data there is an added
value in using multivariate control charts. Although multivariate charts
provide extra detection capacity by including correlation between process
parameters, it is more difficult to interpret the signal of such a chart and
track the process parameter causing the signal. In section 9.7 a possible
solution was suggested based on the decomposition of the statistic which is
monitored in the control chart.

To facilitate the interpretation of signals of the multivariate control chart,
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an expert chart based on a Self-Organizing-Map (SOM) could be added. The
general idea of such an expert chart is to provide the user of the IMS with a
quick overview of the complete process and enable him to interpret the process
status from one view on the expert chart.

The technique of the SOM is described by Kohonen et al. (1996) and
Kohonen (1997). A SOM is based on a k-means cluster analysis technique and
it is described as an effective software tool for visualization of high-dimensional
data. The SOM can be considered as a three dimensional grid and each layer
of this grid consists of the values of the considered process parameters. The
cluster analysis analyzes the data in the different layers and organizes them
into groups (cells) in such a way that the values of the different parameters
which reflect a certain process situation are located in the same group. For
example, during heat stress feed consumption decreases, water consumption
increases, egg weight drops, temperature is high, . . .. So the lower feed
values, the higher water values, the lower egg weight values and the higher
temperature values are located in a cell which is labelled ’heat stress’. This
organisation of the three dimensional data grid is then represented as a two
dimensional chart with labels on each cell indicating which situation a certain
cell reflects. Figure 10.2 provides an example of a SOM of egg production
data (based on the data of flock S.a) - egg weight, water consumption and
temperature - with one labelled process status, heat stress. In this figure
the three dimensional grid is frayed into its three components to illustrate
the working principle. The actual expert chart which is aimed at is the
’labelmap’. In this SOM the values for the lower egg weight, the higher
water consumption and the higher temperature which were registered during
heat stress are located in the upper cells of the expert chart. The label of the
process situation is provided in the labelmap in figure 10.2.

The general idea of the development of a SOM-based expert chart is to
establish a sort of historical library containing data of as many commercial
flocks as possible with practically relevant process situations occurring in
the production processes of all these flocks. After considerable data have
been collected in this library, the data can then be used to make the expert
chart. Next, collected data of newly monitored egg production processes
can be projected on this expert chart. The SOM technique assigns these
new observations to the cell of the expert chart with which the values of the
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Figure 10.2. Example of a Self-Organizing-Map based on the corrected residual
data of average egg weight (EW ), data of temperature (T ) and the corrected
residual data of water consumption (WA) of a process to which heat stress was
applied. The three dimensional structure of the SOM was unravelled and each
plain is displayed. Values of the different parameters located at the same location
(in the same cell) in their respective layer represent the same process situation
which is indicated in the labelmap (HS = heat stress; CT = in-control). The
cells in the labelmap that have no label could not be assigned uniquely to one
process situation by the statistical algorithm of the SOM.

different monitored process parameters are most in accordance. The evolution
of the new production process can be graphically shown on the expert chart
by means of a trajectory description. As such the graphical support of the
SOM technique enables the user to evaluate the process status in a quick
and straightforward way: is the process under control or is it evolving in the
direction of a certain problem e.g. heat stress or a disease.

An important issue for the development of such a SOM based expert
chart is the correct labelling of the different process statuses that occur in
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the commercial flocks used for the calibration of the expert chart. This
is necessary to correctly assign a certain combination of the values of the
considered process parameters to a certain process phenomenon, e.g. heat
stress, certain disease, . . .. Unfortunately, the logging of events in the
commercial flocks monitored in this work was insufficient for including the
development of an expert chart.

Genericity of the synergistic control algorithms

The application of the developed synergistic control algorithms is not limited
to the production process of consumption eggs. These algorithms are
very generic in nature and could thus be applied and transferred to other
applications displaying a trend and autocorrelation characteristics. Primarily
this could be in the broader field of precision livestock farming, but it could
even be extended to other fields such as sports or medics. Possible applications
include:

- Monitoring of broiler growth from hatch to slaughter age;

- Monitoring of pig growth;

- Monitoring of the performance of individual cows towards milk
production and milk quality, with the latter monitoring possibly related
to the detection of diseases like mastitis;

- Monitoring plant growth within a field, possibly related to depletion of
nutrients, or the presence of stress due to water deficit and/or diseases;

- . . .
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10 General Discussion and Conclusions

Final note

In conclusion of this work, I would like to emphasize the importance of the
agricultural production to maintain a prosperous society. The achievement
of food certainty brought prosperity and prosperity brought food awareness.
In our current globalizing welfare state, the economic markets have evolved
into a structure in which the highest quality agricultural products have to
be produced at the lowest cost. There are few other sectors in which the
reimbursement of the product often does not even cover the production cost
(Barrez, 2007).

Especially the laying hen sector endured hard times recently and still has to
face its biggest challenge: achieving a successful transition to the alternative
production systems by 2012. This politically driven forced changeover was
mainly realized by a minority of action groups. As a result, quality - in
all its aspects - is the pathway to go in order to maintain an economically
liveable sector and hence retain its position on the world market. Hopefully
distribution and consumers reward the sector for its efforts with fair prices.

I would like to conclude this work by citing C. Reynders, the editor of
the Belgian national journal for poultry professionals in the April 2009 issue.
”We are standing before a silent revolution. Partly forced by action groups
and by the opinion of the common man who probably doesn’t dwell on the fact
that the egg that appears on his plate is the result of the efforts of a group
of passionate professionals who, despite all difficulties, only have one goal in
mind: offer the consumer a healthy and payable product.”

276



Appendix A

Appendix I: Tables Cusum

Parameters

277



A Appendix I: Tables Cusum Parameters

Shift normal mean

Table A.1. Simulation table of h and ARL1 values in function of the ratio between
the desired shift of normal mean to detect ∆ and the common cause variation
σ0. The values were calculated using ANYGETH aiming at ARL0 of a single
sided cusum of 60. This table was used for the construction of the control charts
for EW, EP, FE, WA, BW, SG, KD and TCV.

∆/σ0 h ARL1 ∆/σ0 h ARL1 ∆/σ0 h ARL1

4.55 0.01 1.0 0.59 3.33 5.0 0.29 4.48 9.9
4.17 0.10 1.0 0.56 3.43 5.3 0.29 4.52 10.1
3.85 0.21 1.0 0.53 3.52 5.6 0.28 4.56 10.3
3.57 0.35 1.0 0.50 3.61 6.0 0.27 4.60 10.6
3.33 0.47 1.0 0.48 3.70 6.3 0.26 4.64 10.8
2.50 0.94 1.0 0.45 3.78 6.6 0.26 4.68 11.0
2.00 1.27 1.0 0.43 3.85 6.9 0.25 4.71 11.2
1.67 1.55 1.3 0.42 3.92 7.2 0.24 4.74 11.4
1.43 1.79 1.6 0.40 3.99 7.5 0.24 4.78 11.6
1.25 2.01 2.0 0.38 4.06 7.8 0.23 4.81 11.8
1.11 2.21 2.3 0.37 4.12 8.0 0.23 4.84 12.0
1.00 2.39 2.6 0.36 4.18 8.3 0.22 4.87 12.2
0.91 2.55 3.0 0.34 4.23 8.6 0.22 4.90 12.4
0.83 2.71 3.3 0.33 4.29 8.8 0.21 4.93 12.6
0.77 2.85 3.6 0.32 4.34 9.1 0.21 4.95 12.8
0.71 2.98 4.0 0.31 4.39 9.4 0.20 4.98 13.0
0.67 3.10 4.3 0.30 4.43 9.6 0.20 5.00 13.2
0.63 3.22 4.7
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A Appendix I: Tables Cusum Parameters

Shift binomial probability

Table A.2. Simulation table of K+, h, H+ and ARL1 values in function of the
sample size n for an upward shift in the probability for success (mortality) of
binomial data from π0 = 0.001 to pi1 = 0.002. The values were calculated using
ANYGETH aiming at ARL0 of a single sided cusum of at least 30. This table
was used for the construction of the control chart for MO.

n K+ h H+ ARL0 ARL1

50 0.07 1.00 1.00 61.2 24.0
100 0.14 1.00 1.00 31.4 12.4
250 0.36 1.67 1.67 36.0 9.6
500 0.72 1.86 1.86 30.8 6.5
750 1.08 1.93 1.93 36.8 5.7

1000 1.44 2.25 2.25 31.1 4.6
2500 3.61 2.43 2.43 31.7 2.7
5000 7.21 2.86 2.86 49.6 2.0
7500 10.82 2.20 2.20 36.8 1.5

10000 14.43 1.71 1.71 34.4 1.3
20000 28.86 0.29 0.29 45.6 1.0
25000 36.07 0.03 0.03 68.9 1.0
30000 43.28 0.02 0.02 103.1 1.0
40000 57.71 0.02 0.02 228.0 1.0
50000 72.14 0.02 0.02 748.0 1.0
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A Appendix I: Tables Cusum Parameters

Shift variance

Table A.3. Simulation table of K+, h, H+ and ARL1 values in function of the
sample size n for an upward shift in the variability from σ0 to σ1 = 1.25σ0. The
values were calculated using ANYGETH aiming at ARL0 of a single sided cusum
of at least 30. This table was used for the construction of the control chart for
variability of KD and TCV.

n K+ h H+ ARL0 ARL1

3 0.112 2.890 0.261 30.0 8.1
5 0.112 1.820 0.164 30.0 5.9
10 0.112 0.980 0.088 30.0 3.9
25 0.112 0.400 0.036 30.0 2.2
50 0.112 0.171 0.015 30.0 1.5
75 0.112 0.084 0.008 30.0 1.2
100 0.112 0.037 0.003 30.0 1.1
125 0.112 0.006 0.001 30.0 1.0
150 0.112 0.003 0.001 30.0 1.0
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B Appendix II: Raw Data Production Parameters

Hen-day egg production

0 50 100 150 200 250
40

50

60

70

80

90

100

days of lay

EP
 (%

)

0 50 100 150 200 250

1000

2000

3000

4000

5000

6000

7000

8000

9000

10000

11000

days of lay

EP
 (%

)

0 50 100 150 200 250 300 350
40

50

60

70

80

90

days of lay

EP
 (%

)

0 50 100 150 200 250 300 350
40

50

60

70

80

90

100

110

120

130

days of lay

EP
 (%

)

0 50 100 150 200 250 300 350
40

50

60

70

80

90

days of lay

EP
 (%

)

0 50 100 150 200 250 300 350 400
40

50

60

70

80

90

100

days of lay

EP
 (%

)

0 50 100 150 200 250 300
40

50

60

70

80

90

100

110

days of lay
EP

 (%
)

0 50 100 150 200 250 300
40

50

60

70

80

90

100

110

120

days of lay

EP
 (%

)

(S.a)

(M.a)

(M.c)

(L.a)

(S.b)

(M.b)

(M.d)

(L.b)

Figure B.1. Raw available data of hen-day egg production (EP).
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Figure B.2. Raw available data of hen-day egg production (EP) (continued).
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B Appendix II: Raw Data Production Parameters

Average egg weight
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Figure B.3. Raw available data of average egg weight (EW).
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Figure B.4. Raw available data of average egg weight (EW) (continued).
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Feed consumption
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Figure B.5. Raw available data of feed consumption (FE).
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Figure B.6. Raw available data of feed consumption (FE) (continued).
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Water consumption
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Figure B.7. Raw available data of water consumption (WA).
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Figure B.8. Raw available data of water consumption (WA) (continued).
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Daily mortality
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Figure B.9. Raw available data of daily mortality (MO).
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Hen body weight
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Figure B.10. Raw available data of hen body weight (BW).
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Second grade eggs
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Figure B.11. Raw available data of percentage second grade eggs (SG).
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Figure B.12. Raw available data of percentage second grade eggs (SG)
(continued).
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Dynamic stiffness
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Figure B.13. Raw available data of dynamic stiffness (KD).
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Figure B.14. Raw available data of dynamic stiffness (KD) (continued).
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Figure B.15. Raw available data of transmission colour value (TCV).
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