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Abstract: The assessment of animal welfare on-farm is important to ensure that current welfare 

standards are followed. The current manual assessment proposed by Welfare Quality® (WQ), alt-

hough being an essential tool, is only a point-estimate in time, is very time consuming to perform, 

only evaluates a subset of the animals, and is performed by the subjective human. Automation of 

the assessment through information technologies (ITs) could provide a continuous objective assess-

ment in real-time on all animals. The aim of the current systematic review was to identify ITs devel-

oped for welfare monitoring within the pig production chain, evaluate the ITs developmental stage 

and evaluate how these ITs can be related to the WQ assessment protocol. The systematic literature 

search identified 101 publications investigating the development of ITs for welfare monitoring 

within the pig production chain. The systematic literature analysis revealed that the research field 

is still young with 97% being published within the last 20 years, and still growing with 63% being 

published between 2016 and mid-2020. In addition, most focus is still on the development of ITs 

(sensors) for the extraction and analysis of variables related to pig welfare; this being the first step 

in the development of a precision livestock farming system for welfare monitoring. The majority of 

the studies have used sensor technologies detached from the animals such as cameras and micro-

phones, and most investigated animal biomarkers over environmental biomarkers with a clear fo-

cus on behavioural biomarkers over physiological biomarkers. ITs intended for many different wel-

fare issues have been studied, although a high number of publications did not specify a welfare 

issue and instead studied a general biomarker such as activity, feeding behaviour and drinking 

behaviour. The ‘good feeding’ principle of the WQ assessment protocol was the best represented 

with ITs for real-time on-farm welfare assessment, while for the other principles only few of the 

included WQ measures are so far covered. No ITs have yet been developed for the ‘Comfort around 

resting’ and the ‘Good human-animal relationship’ criteria. Thus, the potential to develop ITs for 

welfare assessment within the pig production is high and much work is still needed to end up with 

a remote solution for welfare assessment on-farm and in real-time. 
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1. Introduction 

The demand for animal products including pig meat has increased the last decade; a 

trend expected to continue for the next decade, with an expected 11% expansion in the 

global human population as the main driver [1]. This increase has been sustained by in-

tensification of the production through large-scale systems increasing productivity. Al-

ready in the 1960s by the publishing of the book ‘Animal Machines’ by Ruth Harrison [2], 

it was recognised that such intensification of production heavily challenges the welfare of 

the animals. To increase productivity, animals may have less space and less enriched en-
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vironments, among other living conditions, and have been genetically selected for pro-

duction levels higher than their physical abilities. Although animal welfare is not explic-

itly mentioned in the UN sustainable development goals, working to achieve these goals 

is compatible with animal welfare improvement [3]. When considering the three pillars of 

sustainability (social, environmental, economic), an increase in animal welfare will most 

likely be associated with an increase in productivity, better meat quality and an increased 

social acceptability of the production form and thus, both an increase in economic and 

social sustainability; whereas the relationship between animal welfare and environmental 

sustainability is more complicated [4]. Within intensive piggeries, several animal welfare 

challenges have been identified as a result of intensification including, but not excluded 

to, excessive sow prolificacy, heat stress, early weaning practices, pressure wounds/body 

lesion susceptibility, and tail biting behaviour [5]. Further, intensification results in more 

animals per hired stockperson and thus, more limited capacity to individually monitor 

animals. Despite several years of research, development and improvement efforts, several 

welfare challenges are still present within pig production. 

Besides improving animal welfare, another important aspect is to ensure that current 

welfare standards are followed. In 2004, the European Commission launched the Welfare 

Quality® (WQ) project resulting in the development of species-specific WQ assessment 

protocols including one for pig production covering sows, piglets, and growing pigs [6]. 

The goal of the protocols are to provide piggeries with objective and validated measures 

to evaluate animal welfare at on-farm herd level based mainly on animal-based measures. 

The WQ assessment is divided into four principles (Good feeding, Good housing, Good 

health and Appropriate behaviour) and in total into 12 criteria (2–4 for each principle) 

where each criterion has one or more measures. The assessment is conducted by an as-

signed assessor visiting the herd. Based on scores for each measure, the herd is rated as 

unacceptable, acceptable, enhanced or excellent when considering the welfare of the ani-

mals. Although being an essential tool to ensure appropriate animal welfare, the WQ as-

sessment method includes disadvantages such as being a point estimate in time, being 

very time consuming to perform, only evaluating a subset of the animals on the herd and, 

although considered as objective measures, the human assessor will undoubtedly still be 

subjective and possibly biased. Automating the WQ assessment measures will lower the 

workload [7], as well as provide a continuous and more objective measurement across 

farms in real-time and of all animals. 

Precision livestock farming (PLF) applies the development of information technolo-

gies (ITs) for livestock management to increase and ensure livestock productivity, health 

and welfare. Such ITs are intended to monitor animal or environmentally based parame-

ters automatically and continuously in real-time, on-farm and idealistically for the indi-

vidual animal [8]. Building ‘digital representations’ of animals is intended to improve an-

imal monitoring by providing the farmer with important information on individual ani-

mals [9]. Thus, ITs developed within the PLF research field could be the solution to auto-

mating the WQ assessment measures. Although, it may seem unlikely that farms across 

regions and countries will have similar enough PLF systems installed to be able to use a 

remote WQ assessment for certification purposes, the WQ assessment protocol do provide 

a relevant framework to identify measures of animal welfare and potential knowledge 

gaps that could benefit from remote assessment. 

PLF demands a high level of collaboration between research fields and specialists 

including biosystem engineers, data scientists, animal scientists and ethologists [9]. Thus, 

an understanding of the general terminology within the field is important. General terms 

include target variable, gold standard, feature variable, field data and labelling [9,10]. The 

relationship between these terms are simplistically illustrated in Figure 1. For welfare 

monitoring, the target variable is directly related to the welfare issue studied e.g., lesions 

on the body of the pig and can be measured by the validated gold standard. However, the 

gold standard is limited as it cannot be measured continuously and in real-time. Thus, a 

feature variable is needed to indirectly measure the target variable, e.g., the performance 
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of aggressive behaviour. The feature variable is extracted from the field data collected 

through sensors such as cameras, microphones or sensors attached to the animal. Two 

algorithms are developed; one to extract the feature variable from the field data, which 

demands detailed labelling of the field data, and one to associate the feature variable to 

the target variable, which demands the measurement of the gold standard. Thus, the de-

velopment of a PLF system for a specific welfare issue can be at different stages of devel-

opment depending on whether the feature variable or target variable (or both) are studied, 

and whether the system is being developed, validated or implemented. 

The current systematic review aims to summarise the available literature on ITs de-

veloped to ensure or evaluate animal welfare within the pig production chain by (1) eval-

uating the development stage for the ITs, (2) relating the identified publications and ITs 

to the WQ principals and criteria, and (3) identifying potential knowledge gaps in auto-

mating the WQ assessment. 

 

Figure 1. Flow-chart illustrating the relationship between general terms within the Precision Live-

stock Farming research field. 

2. Materials and Methods 

2.1. Systematic Literature Search 

Prior to the systematic literature search, an initial non-systematic literature search 

was performed by two researchers independently. This initial search was inspired by the 

concept map used by Rios et al. investigating ITs for welfare assessment in broilers [11]. 

After the initial search, the two researchers created in collaboration the concept map used 

for the systematic literature search as presented in Table 1. The concept map is divided in 

three columns representing the animal studied, the method used and the subject investi-

gated by the searched literature. In the systematic search, rows within each column of the 

concept map were separated by the Boolean operator OR whereas the columns were sep-

arated by the Boolean operator AND. The systematic search was conducted in the data-

base “Web of Science” using the field “Topic” and in the database “Scopus” using the field 

“Article title, abstract, and key words”. No limitation was set for publication year. The 

systematic search was conducted by a single researcher on 12 July 2020. 
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Table 1. Concept map terms used for the systematic literature search. 

Animal Information Technology Animal Welfare 

Pig Technolog * Welfare 

Pigs “Precision Livestock Farm *” Wellbeing 

Swine Computer * Well-being 

Piglet Digital * “Early warning *” 

Piglets Remote *  

Sow Automat *  

Sows Camera *  

Boar Microphone *  

Boars Sensor *  

 Radio *  

 Video *  

 Image *  

 Sound *  

 Algorithm *  

 Prediction *  

Rows within each column are combined with the Boolean operator OR and columns are combined 

with the Boolean operator AND. Asterix (*) is used to indicate an optional end to the word. 

Phrases enclosed in quotation marks (“”) are searched as one word. 

Publications obtained from the systematic literature search were imported to the 

StArt tool (State-of-the-Art through Systematic Review, version 3.3 Beta 03, LaPES, Brazil) 

to systematically perform the selection of relevant publications. First, duplications were 

identified and excluded. Second, each remaining publication were evaluated according to 

the following exclusion criteria in the prioritised order: (1) Not concerning animal welfare 

within the pig production chain; (2) Not involving the development, validation or imple-

mentation of an IT; (3) Is a review; (4) Is a conference abstract/paper; (5) Is not a peer-

review publication; (6) Full-text is not in English; (7) Full-text is not available. Third, the 

remaining publications were extracted and included in the systematic literature analysis 

described in Section 2.2. The selection and extraction of relevant publications for the sys-

tematic literature analysis were performed by a single researcher. 

2.2. Systematic Literature Analysis 

Each publication considered relevant for the systematic literature analysis was ana-

lysed by two researchers independently. First, the following general information were 

noted for each publication: (1) Title; (2) Year of publication; (3) Journal; (4) Country where 

the experiment was conducted; (5) Country of the first author. Second, a checklist of que-

ries presented in Table 2 were answered for each publication. Terms used in the analysis 

are defined in Appendix A. Afterwards, the two independent analyses were compared 

and if differences were identified, the publication were again checked for the specific que-

ries. The raw analysis data can be found in the Supplementary Excel sheet S1. 

Table 2. Checklist of queries for each publication during the systematic literature analysis. 

Analysis Question Categories 
Mutually 

Exclusive 1 

What IT was investigated? - - 

What sensor technology was used? - - 

What type of variable was captured? Feature, Target, Both Yes 

What was the level of the variable? Individual, Pen, Batch, Laboratory No 

What biomarker type was used? Animal, Environmental No 

What biomarker name? - - 
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What biomarker property? Behavioural, Physiological No 

What stage of IT development? 
Development, Validation, Develop-

ment and Validation, Implementation 
Yes 

What pig production stage? 

Piglet, Weaner, Finisher, Gilt, Insemi-

nation sow, Gestation sow, Lactating 

sow, Individual sow, Group-housed 

sow, Boar, Transport, Abattoir, Artifi-

cial 

No 

What animal welfare issue was stud-

ied? 
- - 

What animal welfare evaluation 

method was used 
Real-Time, Retrospectively, Both Yes 

Which Welfare Quality principle 

does the study relate to? 

Good feeding, Good housing, Good 

health, Appropriate behaviour 
No 

Which Welfare Quality criteria does 

the study relate to? 

Absence of prolonged hunger, Ab-

sence of prolonged thirst, Comfort 

around resting, Thermal comfort, 

Ease of movement, Absence of inju-

ries, Absence of diseases, Absence of 

pain induced by management proce-

dures, Expression of social behaviour, 

Expression of other behaviour, Hu-

man-animal relationship, Positive 

emotional state 

No 

1 If the possible categories of an analysis question is considered mutually exclusive, the frequency 

across categories should sum to the number of analysed publications; otherwise, this may not be 

the case. 

3. Results 

3.1. Systematic Literature Search 

Figure 2 illustrates a flowchart of the methodology used in the systematic literature 

search and presents the results of the search. The search resulted in 2000 publications with 

1046 publications from the database “Scopus” and 954 publications from the database 

“Web of Science”. Out of these, 624 were duplicates. Of the rest (n = 1376), 405 did not 

concern animal welfare within the pig production chain which can partly be explained by 

the use of pigs as a model in human health research and the involvement of the word 

“pig” in e.g., research in guinea pigs. Of the rest (n = 971), 731 did not involve the devel-

opment, validation or implementation of an IT which can partly be explained by the use 

of e.g., cameras for behaviour recording in animal welfare research. Out of the publica-

tions concerning pig welfare and involving an IT (n = 240), 28 were reviews, 78 were con-

ference abstracts/papers and 8 were other types of publications except for international 

peer-review publications. Further, 21 publications did not have a full-text in English, 

mainly due to these publications being written in Chinese, and for four publications the 

full-text was not available. In the end, 101 publications were selected for the systematic 

literature analysis. 
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Figure 2. Flow-chart summarising the methodology used in the systematic literature search and literature search tally. 

3.2. Systematic Literature Analysis 

3.2.1. General Characteristics of the Publications 

The general characteristics of the 101 included publications including year of publi-

cation, journal and country of experiment/first author origin is presented in Figure 3. The 

earliest publication was published in 1989, whereas 81% of the publications were pub-

lished within the last decade and 63% were published between 2016 and mid-2020. The 

journal representing the highest percentage of publications was “Computers and Elec-

tronics in Agriculture” (37%) followed by “Biosystems Engineering” (14%). The countries 

of experiment/first author origin most often represented included Belgium, Brazil, China, 

Denmark, Germany, UK, and USA. 
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Figure 3. General characteristics of the 101 publications included in the systematic literature analysis including (a) year of 

publication, (b) journal and (c) country of experiment, first author origin. The ‘Others’ category in Figure (b) includes 

journals only represented once. 

3.2.2. Sensor Technology 

An overview of sensor technologies applied to measure animal biomarkers in the 

development of ITs for welfare monitoring in pigs can be seen in Table 3. Most publica-

tions used camera technology (49%), followed by microphones (18%) and animal attached 

sensors (15%) including accelerometers and RFID tags. Sensor technology used to meas-

ure environmental biomarkers include thermometers (n = 8, [12–19]), an EMK (‘Environ-

mental Monitoring Kit’, n = 1, [20]), an anemometer (n = 1, [18]), an air-speed transmitter 

(n = 1, [15]), and a weather station (n = 1, [21]) used to measure temperature, relative hu-

midity, air velocity, ventilation rate, CO2, and ammonia. 
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Table 3. Overview of sensor technology used to measure animal biomarkers in the development of information technolo-

gies for animal welfare monitoring in pigs. 

Sensor Technology Type Biomarker Type Biomarker Citation 

Camera 

(n = 49) 

2D image 

(n = 14) 

Behavioural 

Activity [22] 

Posture, position and lying pat-

tern 
[23–30] 

Visual stance measures [31] 

Physiological 

Contour, area, volume and body 

size 
[32] 

Face and eye recognition [33] 

Lesions (claw, tail, ear) [34–36] 

3D image 

(n = 6) 

Behavioural 

Activity [37,38] 

Drinking and feeding behaviour [37,38] 

Posture [39] 

Physiological 

Contour, area, volume and body 

size 
[40–42] 

Inter-birth interval [43] 

2D video 

(n = 21) 

Behavioural 

Activity [44–50] 

Aggression [51,52] 

Drinking behaviour [53–55] 

Feeding behaviour [49] 

Mounting [49,56] 

Object engagement [57] 

Posture, position and lying pat-

tern 
[50,58–60] 

Tail biting behaviour [61] 

Physiological 
Contour, area, volume and body 

size 
[62,63] 

3D video 

(n = 7) 
Behavioural 

Activity and feeding behaviour [64] 

Aggression [65] 

Freeze/startle behaviour [66] 

Gait measures [67] 

Pig posture [68] 

Tail posture [69] 

IR thermography 

(n = 1) 
Physiological Surface temperature [18] 

Microphone 

(n = 18) 

Sound 

(n = 18) 
Behavioural 

Cough [70–73] 

Scream [74–77] 

Squeals [78] 

Vocalisation, general [79–87] 

Animal attached sensors 

(n = 15) 

Accelerometer 

(n = 9) 
Behavioural 

Activity [88–96] 

Feeding behaviour [88–91] 

Rooting [88,89] 

HF/UHF RFID 

(n = 6) 

Behavioural 
Drinking behaviour [97] 

Feeding behaviour [98–101] 

- Identification [40] 

Other sensors 

(n = 16) 

Force plates/pres-

sure mats 

(n = 3) 

Behavioural 

Asymmetry indices [102] 

Force stance measures [31] 

Gait measures [103] 

Light barriers Behavioural Activity [104] 
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(n = 1) 

Load platform 

(n = 1) 
Behavioural Freeze/startle behaviour [66] 

Passive IR detec-

tors 

(n = 4) 

Behavioural Activity [105–108] 

Portable Raman 

device 

(n = 1) 

Physiological Androsterone, Skatole [109] 

Water-flow meters 

(n = 6) 
Behavioural Drinking behaviour [13,14,19,110–112] 

3.2.3. Variables, Biomarkers and Pig Production Stage 

Characteristics of variables and biomarkers investigated can be seen in Table 4 

whereas the types of biomarkers studied are presented in Table 3. Most publications in-

vestigated feature variables on individual or pen level of behavioural animal biomarkers. 

Table 4. Characteristics of variables and biomarkers investigated in the development of information technologies for ani-

mal welfare monitoring in pigs. 

Variable Type No. Publications Citation 

Feature variable 79 
[15–18,20–22,25,27,29–42,44–49,51–60,62,64–66,68–76,79–94,97–

100,104–108,110,112] 

Target variable 18 
[12-14,19,43,50,61,63,67,77,78,95,96, 

101–103,109,111] 

Both 4 [23,24,26,28] 

Variable level   

Individual 38 
[18,27,31,33-41,43,48,54,62,67,68, 

75,82,88-104,109] 

Pen 42 
[12–14,17,19,22–24,26,29,30,44,45,49–53,55–61,63–65,69,71,73,76–

79,84,86,106–108,111,112] 

Room/batch 10 [15,16,20,21,28,46,47,105,110,111] 

Laboratory setting 11 [25,42,66,70,72,74,80,81,83,85,87] 

Not reported 1 [32] 

Biomarker characteristics   

Animal 97  

Behavioural 83 [13,14,19,21–31,37–39,44–61,64–108,110–112] 

Physiological 14 [15,18,32–36,40–43,62,63,109] 

Environmental 10 [12–21] 

The stages of pig production investigated can be seen in Table 5. Most publications 

have investigated ITs for welfare monitoring in growing pigs (piglets, weaner pigs and 

finisher pigs) and lactating sows, whereas almost no publications have investigated pigs 

during transport or sows in the insemination unit. 
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Table 5. Pig production stages investigated in the development of information technologies for animal welfare monitoring 

in pigs. 

Production Stage No. Publications Citation 

Piglets 15 [17,20,27,70,74,75,77–79,81–83,85–87] 

Weaner pigs 40 
[15,20–24,26,29,30,41,45,51–55,62,64–66,69,72–

74,76,79,80,86,87,97–99,102,103,105–107,110–112] 

Finisher pigs 45 
[12–14,19,20,22,28–30,32,40–42,44,45,50,53,54,56–60,61–

64,66,69,71–73,76,79,84,87,97–101,105,108,111,112] 

Sows 21  

Insemination 0 - 

Gestation 1 [34] 

Lactation 14  

Crated 6 [33,37,38,43,94,104] 

Loose-housed 5 [39,68,90–92] 

Both 3 [93,95,96] 

Group-housed 2 [88,89] 

Individual-housed 3 [18,31,103] 

Full period 1 [36] 

Boars 1 [43] 

Transport 1 [46] 

Abattoir 5 [35,36,43,46,109] 

Artificial pigs 1 [25] 

Not reported 3 [16,48,49] 

3.2.4. Welfare Issues and IT Stage 

The animal welfare issues investigated for IT monitoring within each IT development 

stage can be seen in Table 6. Ninety-seven publications investigated the welfare issues in 

real-time, whereas two publications investigated the welfare issue retrospectively at the 

abattoir (tail and ear lesions) [35,36], one publication used both evaluation methods [47] 

and for one publication, this categorisation was not applicable [109]. 

3.2.5. Relation to the Welfare Quality Assessment Protocol 

The number of publications and ITs investigated related to each of the four WQ prin-

ciples and the 12 WQ criteria can be seen in Tables 7 and 8. 

3.2.6. Missing Publications 

It is known to the authors that not all publications relevant to the objective of the 

current review could be identified by the systematic literature search. These include for 

example publications on remote weight estimation (e.g., [113–115]) and farrowing predic-

tion (e.g., [116]), although both types of ITs where represented in other included publica-

tions. A possible explanation to this is the strong correlation between animal welfare, 

productivity and health. If the focus of the publication was not animal welfare, but instead 

on productivity, health, or similar, the authors may not have included the terms welfare 

or wellbeing in the title, abstract, or keywords, and thus the publication will not appear 

in the current systematic literature search. This illustrates the importance in the choice of 

keywords. It was not possible to include additional terms in the concept map of the cur-

rent systematic literature search as the search already resulted in a large number of pub-

lications.
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Table 6. Animal welfare issues investigated for IT monitoring within each IT development stage. 

Welfare Issue 
IT Development Stage (No. Publications) 

Total Citation 
Development Validation Dev. and val. Implementation 

General a 29  9  38 

[22,27,30,32,33,37–

42,44,45,48,49,53–

55,57,60,62,64,68,88–

91,93,97–100,105–

108,110,112] 

Thermal environment 13 1 1  15 
[15–18,23–

26,28,29,58,59,83,84,86]

Disease 6  5  11 
[12,13,18,19,47,70,71–

73,101,111] 

Stress 9  1  10 
[51,52,65,75,76,79–

82,87] 

Farrowing management 3  3  6 [91,92,94–96,104] 

Tail biting 4  2  6 [14,19,35,36,61,69] 

Pen fouling 1  4  5 [12,13,19,50,111] 

Lameness 5    5 [31,34,67,102,103] 

Piglet crushing 2  1 1 4 [39,68,77,78] 

Body injuries 2  1  3 [34,47,101] 

Hunger 3    3 [83–85] 

Air quality 2    2 [20,21] 

Castration 2    2 [75,109] 

Pain 2    2 [85,86] 

Thirst 2    2 [84,86] 

Undergrown pigs 1  1  2 [63,101] 

Asphyxia in sows 1    1 [43] 

Ear biting 1    1 [36] 

Negative affective state 1    1 [66] 

Negative social behaviour 1    1 [56] 

Tripping and stepping 1    1 [46] 
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Total b 78 1 21 1   

Citation 

[17,18,20–29,31,32,34–

37,39,41–49,51–54,56,58–

61,63–67,69–72,74–77,80–

91,93–

95,97,98,100,102,103,105–

111] 

[15] 

[12–

14,16,19,30,33,38,40,50,55,57,62,68,73,

79,92,96,99,101,104] 

[78]   

a Publications with welfare issue unspecified, but reporting general measures of welfare such as pig activity, positioning, posture, weight estimation, face recogni-

tion, drinking and feeding behaviour. b Number of publications within each IT development stage; each publication could investigate multiple welfare issues. 

Table 7. The number of publications and ITs investigated related to the Welfare Quality® (WQ) principles ‘Good feeding’ and ‘Good housing’ and their respective 

WQ criteria. A publication could relate to multiple principles and criteria. 

WQ Principle 
No. 

Pubs 

WQ  

Criteria 

No. 

Pubs. 

WQ 

Measures 
ITs Investigated a Citation 

Good feeding 28 

Absence of pro-

longed hunger 
22 Body condition, age of weaning 

Body dimension (G), weight (G), under-

grown pigs (G), feeding behaviour (G, S), 

hunger vocalisation (G, P) 

[32,37,38,40–42,49, 62–

64,83,84,86,  

88–91,98–101,108] 

Absence of pro-

longed thirst 
10 

Water supply (places, function, 

cleanliness) 

Drinking behaviour (G, S), water usage (G), 

thirst vocalisation (G, P) 

[37,38,53–55,84,  

86,97,108,112] 

Good housing 42 

Comfort around 

resting 
6 

Pressure injuries, manure on 

the body 
Pen fouling prediction (G) [12,13,19,50,111,112] 

Thermal comfort 25 Shivering, panting, huddling 

Respiration frequency (P), lying posture and 

location (G, P), cold/heat vocalisation (G, P), 

pen/room temperature (G), rectal tempera-

ture (P, S), pen fouling prediction (G) 

[12,13,15–19,22–30,  

50,58–60,83,84,  

86,111,112] 

Ease of movement 17 
Space allowance, farrowing 

crates (presence and size) 

Body dimension (G), weight (G), movement 

(G, S), farrowing alarms (S) 

[32,38–

42,45,49,62,64,68,88–

91,93,96] 
a A: abattoir, G: growing pigs, P: piglets, S: sows. 
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Table 8. The number of publications and ITs investigated related to the Welfare Quality® (WQ) principles ‘Good health’ and ‘Appropriate behaviour’ and their 

respective WQ criteria. A publication could relate to multiple principles and criteria. 

WQ Principle 
No. 

Pubs. 

WQ  

Criteria 

No. 

Pubs. 

WQ  

Measures 
ITs Investigated a Citation 

Good health 78 

Absence of injuries 25 

Lameness, vulva 

lesions, body le-

sions 

Lameness (G, S), tail/ear lesions (A), tail biting 

(G), crushing (P), aggression/mounting (G), trip-

ping and stepping at unloading (A), pain vocali-

sation (P) 

[14,19,31,34-36,39,46, 

47,51,52,56,61,65, 67–

69,77,78,83,86,91, 101–103} 

Absence of diseases 57 
Mortality, multiple 

diseases 

Crushing (P), asphyxia (S), farrowing manage-

ment (S), posture changes (S), respiratory disease 

(G), diarrhoea prediction (G), general biomarkers 
b (G, P, S) 

[12,13,18–22,30,32,37–45,47–

49,53–55,60,62–64,68,70,71–

73,77,78,88–101,104–108,110–112] 

Absence of pain in-

duced by manage-

ment procedures 

4 

Castration, tail 

docking, teeth clip-

ping 

Pain vocalisation during procedures (P), boar 

taint detection (A) 
[75,82,85,109] 

Appropriate be-

haviour 
25 

Expression of social 

behaviour 
11 

Negative and posi-

tive social behav-

iour 

Aggression (G), mounting (G), tail biting (G), 

lowered tails (G) tail/ear lesions (A) 
[14,19,35,36,49,51,52,56,61,65,69] 

Expression of other 

behaviour 
7 

Stereotypies, ex-

plorative behav-

iour 

Rooting behaviour (S), nest building behaviour 

(S), scratching (G), object manipulation (G), 

drinker manipulation (G) 

[49,55,57,88,  

89,92,108] 

Good human-ani-

mal relationship 
0 Fear of humans - - 

Positive emotional 

state 
9 

Qualitative behav-

iour assessment 

Stress vocalisation (G, P), object manipulation 

(G), defence cascade response (G), pig face recog-

nition (S) 

[33,57,66,74,76,  

79,80,81,87] 

a A: abattoir, G: growing pigs, P: piglets, S: sows. b General biomarkers: activity, weight, feeding behaviour, drinking behaviour, rectal temperature, air quality. 
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4. Discussion 

The systematic review identified 101 international peer-review publications written 

in English that investigated the development of ITs for welfare monitoring in the pig pro-

duction chain. Although the search results date back three decades, only three publica-

tions were identified before the year of 2000 and all performed in the USA. Thus, the re-

search field is still relatively young and a growing body of research is becoming available, 

which has originated from developed countries in particular. Further, an increasing trend 

in publications has been seen the last decade, probably as an effect of the large EU-PLF 

project initiated in 2012 [117] with the focus to investigate PLF technologies not only at 

laboratory scale, but also on-farm as the technology has become available and the industry 

is willing to adopt. Originally, the journals chosen for publication were mainly animal 

welfare journals such as ”Applied Animal Behaviour Science” but it did not take long before 

more field-specific journals took the lead including ‘Computers and Electronics in Agri-

culture’ and later also ‘Biosystems Engineering’. However, within the recent years, an in-

creasing number of journals have published on open-access platforms. With an open-ac-

cess publication policy, an open-data policy may follow, which is likely to advance the 

PLF field by enhancement of data sharing and algorithm development. 

4.1. Robustness of Remote Sensor Technologies and Measurement Indicators 

Recent research focus has been on using sensor technology and developing ITs for 

animal-based variables (96%), which is well in-line with both the WQ assessment protocol 

[6] and the PLF principles [9]. Most of these evaluates animal behavioural biomarkers 

(82%) rather than physiological biomarkers as behavioural change can be a sensitive indi-

cator of compromised health or welfare [118]. Further, physiological biomarkers often de-

mand invasive or disturbing measures to be performed on individuals which possibly 

impact on welfare and measurement robustness. The pre-dominance of such non-invasive 

technologies was clearly demonstrated in the methodologies reported in this study—over 

80% of the publications used non-invasive monitoring with cameras and microphones be-

ing most represented, but also including water flow-meters, pressure mats, force plates, 

light barriers and passive infrared detectors. Technologies such as cameras and micro-

phones have the advantage of being completely detached from the animals, meaning that 

the sensor does not disturb the animals, but also that the animals cannot disturb the sen-

sor, which is especially important in the case of the curious and exploring pig. However, 

a disadvantage of such detached sensors is that it is not yet possible to observe on the 

individual level in group-housed animals; definitely not in the case of the pig where each 

animal look very much alike. Thus, a high proportion of the publications identified mon-

itored on pen level (42%). The use of individual-level sensors, such as RFID technology or 

accelerometers, may not be cost-effective for the farmer, especially not for the little-valued 

growing pig, which is why research projects which develop camera-based algorithms for 

individual tracking are useful e.g., [61]. Further development of state-of-the-art technolo-

gies and this technique may make it possible in the future to make observations on the 

individual pig using detached sensors observing many animals per sensor, making the 

technology more available to the farmer. 

4.2. Current Direction of IT Development 

The majority of the identified publications studied feature variables (77%). To de-

velop an IT to extract the feature variables from the field data is the first step in developing 

a PLF system and thus, it is a natural starting point. Such work should be preceded by 

research investigating which feature variables are connected to the chosen welfare issue. 

However, a high proportion of the included publications studying feature variables did 

not mention a specific welfare issue, thus no specific target variable, and was labelled 

‘General’ for the welfare issue studied (38%). Included in this category are the biomarkers 
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activity, weight estimation, feeding behaviour, and drinking behaviour. Although activity has been 

investigated as a feature variable for farrowing management, and drinking behaviour as a 

feature variable for undesirable events including tail biting, fouling and diarrhoea, more work 

seems needed on how these ‘general’ and other feature variables can be related to detection 

or prediction of specific welfare issues. This now seems possible as feature variables can be 

automatically and continuously detected. 

For usable on-farm welfare monitoring IT development, validation needs to occur across 

environments. Surprisingly, only 23% of the identified publications properly validated their 

developed ITs, some internally on independent data and others externally in other environ-

ments. Several publications mentioned using cross-validation and described this as validation 

of the IT. Cross-validation is a valid method to initially test whether the IT works on the data 

or for parameter estimation, and therefore should not be considered as actual validation. Pref-

erably, studies should be designed to isolate an independent part of the data for proper vali-

dation. Surprisingly, none of the identified publications (except one published in 1989) de-

scribed the detailed implementation of the developed IT. One known example of imple-

mented ITs include the development of the pig cough monitor systems to evaluate respiratory 

diseases [119]. It may be that there is merely a lack of robustly detailed documentation in the 

international peer-reviewed society, or possibly the non-implementation at farm or commer-

cial level. Such a trend is unfortunate as it makes it difficult for the research community to 

replicate the development of different ITs and PLF systems. However, it may also be the case 

that prototypes are not being validated in practice because of individual or on-site needs. Ul-

timately, the more scientific validation and collaboration between companies and academic 

research, the greater the usefulness and robustness of such systems will be. 

4.3. Relevance to the Welfare Quality® Protocol 

The WQ protocol monitors animal welfare instantaneously and not continuously; thus, 

the assessment for each criteria is limited to what is possible in the moment and with the hu-

man eye. The use of ITs expand the assessment possibilities and thus also the measures to 

assess each criteria within each principle. This is for example seen within the ‘good feeding’ 

principle where absence of hunger and thirst evaluated with ITs can be assessed by direct 

physical measurement of pig eating and drinking volumes. This is also seen within the ‘good 

housing’ principle and ‘ease of movement’ criteria where space allowance can be more cor-

rectly assessed by the actual space taken up by the pigs instead of merely the number of pigs 

per floor space provided, and by measuring pigs’ actual movement. Thus, the use of ITs in 

welfare assessment do have potential to not only improve the current welfare assessment by 

continuous, real-time and objective/reliable measures, but also to include more direct 

measures of the single criteria. 

The ‘good health’ principle was related to the highest number of publications. However, 

with the ‘absence of diseases’ criterion, only diarrhoea and respiratory diseases has been di-

rectly investigated, and only in growing pigs. Considering the high number of diseases eval-

uated in the WQ assessment protocol, much work is still needed to identify feature variables 

for the specific diseases and develop ITs for these diseases. The same apply to the ‘absence of 

injuries’ criterion with lameness being the only injury directly investigated on-farm, primarily 

in sows using force plates, pressure mats and cameras to measure gait, stance and weight dis-

tribution. However, due to the use of these mats and the angle needed on the camera, none of 

these can yet detect lameness in the home pen, but instead needs to disturb and confine the 

animal being assessed. Together with the low number of publications representing the ‘ab-

sence of pain induced by management procedures’ criterion, probably due to this criterion 

being measurable through simple questions to the herd manager, the ’good health’ principle 

is much less covered than first assumed. 

The ‘good housing’ principle is mainly represented by the ‘Thermal comfort’ criterion. 

Shivering, panting, and huddling are best assessed in resting animals, as stated in the WQ 

assessment protocol, and thus ITs are an especially suitable tool within this criterion making 

it possible to observe the animals without human disturbance. However, no ITs have been 
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developed for shivering and panting. Within this criterion, only one IT has been developed 

for sows measuring the surface temperature using infrared thermography and only three ITs 

have been developed for piglets measuring multiple variables using cameras, microphones 

and thermometers. This is surprising, as sows are prone to heat stress, especially when housed 

in crates [120] and as climate is a major conflict in the farrowing unit with piglets needing high 

temperatures above 30 °C and sows having an upper critical temperature of approximately 25 

°C. Instead, the focus within the ‘thermal comfort’ criterion has so far been on the growing 

pigs, perhaps because the housing conditions for growing pigs give the animals more oppor-

tunity to show thermoregulatory behaviour (change in lying posture and position) and be-

cause the thermoregulatory behaviour of growing pigs is related to the undesirable event of 

pen fouling [121], and thus may be used as an indicator to predict and prevent such an event 

[50]. ITs developed for prediction and prevention of pen fouling are also the only ones repre-

senting the criterion ‘Comfort around resting’, although not being a direct measure of manure 

on the body and with no ITs developed to measure pressure injuries. 

The ‘appropriate behaviour’ principle is the least represented one in the current system-

atic literature analysis, perhaps because this principle includes the detection of more compli-

cated behaviour patterns often also demanding tracking of the single animals such as for tail 

biting [61] or of single objects such as for object engagement [57]. Further, the ‘positive emo-

tional state’ criterion is currently being assessed by the qualitative behaviour assessment 

(QBA) protocol, indicating that objective measures are lacking, making it difficult to develop 

ITs for this criterion. ITs have so far been developed within the ‘Expression of social behav-

iours’ criterion for direct assessment of negative social behaviours, but not for positive social 

behaviour such as play behaviour or prosocial behaviours [122]. Further, ITs have been devel-

oped within the ‘Expression of other behaviours’ criterion for object engagement and drinker 

manipulation for growing pigs, and for rooting and nest building in sows, but not for stereo-

typies such as sham chewing, tongue rolling and teeth grinding. Most surprisingly is the com-

plete lack of ITs developed for the ‘good human-animal relationship’ criterion, as the animals 

are being confronted with humans multiple times each day and thus, the character of the ani-

mals relationship to humans is important to their welfare on a daily basis [123]. Further, with 

increased automation and digitalisation of production, the overall human-animal contact may 

decrease, possibly decreasing the animals’ habituation to humans [123] and making an easy, 

continuous, and objective measure of the human-animal relationship that more important. 

Overall, the WQ principle ‘good feeding’ is best represented when considering welfare 

assessment with ITs in real-time and on-farm, although the lactating sow is not represented 

within this principle. The fact that lactating sows are housed individually, and thus do not 

experience the competition for feed and water resources as the group-housed animals, could 

be the reason. The other principles either have criteria with a complete lack of developed ITs 

or only few of their included measures covered. Although the current systematic literature 

analysis identified 101 publications, many of these cannot directly replace measures of the WQ 

assessment protocol and thus, much work is still needed to replace the manual welfare assess-

ment with a remote solution. The current review identified such knowledge gaps to help fu-

ture research projects choose their focus to cover the welfare assessment as widely as possible. 

In that context, it should also be mentioned that most focus so far has been put on the pigs 

intended for slaughter, although these being the animals experiencing the production envi-

ronment for the shortest time. Further, only few studies investigated ITs for welfare monitor-

ing at the abattoir, and no studies focused on ITs for welfare assessment during transport, 

although major welfare issues have been identified during this part of the production [124]. 

ITs seem to have high potential for welfare assessment inside the lorry, an environment where 

humans cannot observe manually. This could for example be monitoring the water consump-

tion, the climate or the vocalisations of the animals during transport, whereas it may be diffi-

cult to use cameras with the low ceiling height and often several layers of animals in the lorry. 
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5. Conclusions 

The current systematic review identified 101 publications investigating ITs for wel-

fare monitoring within the pig production chain. Based on the systematic analysis, it was 

obvious that this research field is young and growing as shown not only by the year of 

publication, but also by the fact that the majority of publications identified reported ITs 

for feature variables still lacking proper validation. Most focus has so far been on growing 

pigs intended for slaughter, while only very few ITs were identified to monitor the welfare 

of pigs during transport and at the abattoir. ITs intended for many different welfare issues 

have been studied, although a high number of publications did not specify a welfare issue 

and instead studied a general biomarker such as activity and feeding and drinking behav-

iour. The ‘good feeding’ principle of the WQ assessment protocol was the most frequently 

represented by ITs for real-time on-farm welfare assessment, while for the other principles 

only few of the included WQ measures are so far covered. No ITs have yet been developed 

for the ‘comfort around resting’ and the ‘good human-animal relationship’ criteria. Thus, 

the potential to develop ITs for welfare assessment is high, and much work is still needed 

to end up with a remote solution for welfare assessment on-farm and in real-time. 
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Appendix A 

Table A1. Definition of terms used in the systematic literature search and systematic 

analysis of the relevant publications. 

Term Definition 

Information technology (IT) 
The use of sensor technology to develop an algorithm 

providing information to the stakeholder. 

Variable type  

Target 
Directly related to a welfare challenge and thus, the purpose 

of the PLF system being developed. 

Feature 
An alternative variable that represents or can give an early 

warning of the target variable. 

Variable level  

Individual 
The variable studied is measured at the individual animal 

level. 

Pen The variable studied is measured at pen level. 

Batch The variable studied is measured at room or batch level. 

Laboratory 
The variable studied is measured in a laboratory setting out-

side production conditions. An example is the isolation of 
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group-housed animals to measure the feature variable at an 

individual level and under very controlled conditions. 

IT stage  

Development 
The study concerns the development of the algorithm for ei-

ther the feature or the target variable. 

Validation 

The study concerns the validation of the developed algo-

rithm on new data, either by assigning specific ani-

mals/groups for this validation (not just random data 

points) or by performing external validation. Does not in-

clude cross validation. 

Implementation 

The study concerns the implementation of the developed 

and validated algorithm/PLF system including evaluation of 

the algorithm/PLF system in a real-time production setting. 

Production stage  

Piglet The pig is being housed with a sow. 

Weaner 
The pig has been weaned from the sow and weighs below 

30 kg. 

Finisher 
The pig weighs above 30 kg and is being produced for 

slaughter. 

Growing pigs Including both weaners and finishers. 

Sow, insemination 
The sow/gilt is in the reproduction stage of being insemi-

nated. 

Sow, gestation 
The sow/gilt is pregnant, has not yet farrowed and is 

housed in a gestation unit. 

Sow, lactation 
The sow are housed in a farrowing pen either prior to far-

rowing or after farrowing with her piglets. 

Sow, group housed 

The sow/gilt is group-housed, but it is not specified whether 

the sow/gilt is in the insemination, gestation or lactation 

stage. 

Sow, individual 

The sow/gilt is housed individually, but it is not specified 

whether the sow/gilt is in the insemination, gestation or lac-

tation stage. 

Boar An adult male pigused for breeding. 

Transport The animal is studied in a transport setting. 

Abattoir 
The animal is studied or the variable is captured at the abat-

toir. 

Biomarker 

Variable measured in the study. Can either be an animal or 

environmental based biomarker, and an animal based bi-

omarker can either be behavioural or physiological. 

Welfare issue 

The animal welfare challenge experienced by the farmer and 

the reason for conducting the study and developing the al-

gorithm/PLF system. If not specified, ‘General’ is noted. 

Evaluation method  

Real-time 

The algorithm/PLF system evaluates the welfare issue in 

real-time, meaning evaluating the present animal welfare 

and with the opportunity to also improve in the present. 

Retrospectively 

The algorithm/PLF system evaluates the welfare issue re-

spectively, meaning evaluating past animal welfare to use 

for future improvements. 
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