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Abstract 4 

Anomalous animal behaviour and reduced growth rate are just a few signs that can indicate 5 

an undesired situation in a broiler house. It is important that problems such as malfunctioning 6 

in feeding and drinking lines are detected in an early stage to avoid harming the welfare or the 7 

production results of broilers. This paper introduces an automated method to detect problems 8 

in a broiler house using cameras and an image analysis software. Three top view cameras 9 

mounted in the ridge of the house at the height of 5 meters continuously monitored a floor 10 

space of 19.8 by 63.5 meters. Analysis software translated these images into an animal 11 

distribution index. The final objective was to develop a system that could report 12 

malfunctioning in a broiler house to the farmer in real-time. In an experiment with Ross 308 13 

broilers, distribution index data were collected every 5 minutes in a commercial broiler house 14 

with 28000 animals. Based on the distribution index data, a linear real-time model was 15 

developed and tested to model the animal distribution index as a response to the light input. 16 

Using this model, an online prediction could be made on animal distribution index. By 17 

comparing the predicted values with the measurements in real-time, malfunctioning could be 18 

detected. Results showed that this method was able to report 95.24 per cent (20 out of 21) of 19 

events in real-time, demonstrating a high potential of using automatic monitor tools for the 20 

monitoring of broiler production over a complete growing period. 21 

Keywords: Broiler chicken, Automatic monitor tool, Real-time model, Image analysis, 22 

Distribution index 23 
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1. Introduction 24 

According to FAO (OECD-FAO, 2010), during this decade, the expected annual world 25 

poultry growing is 2.8%. During the same period, the total broiler meat production will jump 26 

from 96.9 to 124.1 million tons, beating all other animal meat production grow (Penz Junior 27 

and Goncalves Bruno, 2011). On the other hand, farmers achieve a very low margin per 28 

individual animal. Therefore, intensive broiler-keeping is unavoidable and management in 29 

broiler houses is crucial. A modern farmer is confronted with increasing pressure to care for a 30 

large number of animals per farm, which will become more acute in future years. Good care is 31 

the key for good productivity, health and welfare and thus for an economically viable 32 

business. State-of-the-art technical support can bring the animals closer to the farmer by 33 

assisting the farmer in gathering information about his animals and presenting it in a workable 34 

way. Technology offers a high potential for real time monitoring of livestock (Cox, 2003). 35 

Continuous automated monitoring of varying needs of individual living organisms anywhere 36 

has become a reality. Applying technology in livestock production is the core idea of 37 

Precision Livestock Farming (PLF) (Cox, 2003; Wrest Park History, 2009) Continuous 38 

automated monitoring of agricultural animals results in “early warning systems” that improve 39 

the management of (individual) animal needs at any time. Accordingly, employing a tool to 40 

monitor the broilers can help the farmer substantially to manage his house more efficiently 41 

(EFSA, 2012). 42 

Using cameras and automatic image processing, it is possible to collect information on the 43 

behaviour of broilers, analyse the data and detect possible deviations from expected values. 44 

Regarding the man-hours needed for a person to check a broiler house regularly, this is a cost-45 

effective approach that can meet daily needs of broiler house caretakers. On average 46 

eYeNamic could save 120 farmer inspection hours and reduced losses by 45 broilers during a 47 

growth period in 5 commercial houses with an average of 28000 broilers. 48 
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Technology of monitoring broilers by image processing has already been practiced by many 49 

scientific researchers. De Wet et al. (2003) employed computer-assisted image analysis to 50 

estimate daily body weight changes of broiler chickens. They could estimate the body weight 51 

of the broilers on average with a relative error of about 11% from image surface area. Aydin 52 

et al. (2010) applied an automatic tool to assess the activity of broiler chickens with different 53 

gait scores (ability to walk). Kristensen and Cornou (2011) investigated possibility of 54 

detecting leg disorders in broiler chickens through analysing deviations in activity level 55 

measured by image analysis. Dawkins et al. (2009) showed that automated measures of 56 

optical flow have the potential to provide continuous ‘outcome’ measures of the welfare state 57 

of the flock and are highly correlated with gait scores and so have the possibility to become a 58 

useful adjunct to the much more labour intensive process of gait scoring in broilers and 59 

Roberts et al. (2012) used optical flow technic to predict welfare outcome of broiler chickens 60 

1-2 days in advance. 61 

What is missing in previous works is an algorithm that can report problems of the poultry 62 

house in real-time and can help the farmer to manage keeping his broilers more efficiently 63 

since they are currently facing many welfare problems in broiler houses due to intensive 64 

breeding of broilers (Duncan, 2001). 65 

Objective of this paper was to describe a method for early warning of events in a 66 

commercial house using measuring the distribution index of broilers and a real time 67 

monitoring technique. 68 

2. Materials and Methods  69 

2.1. The eYeNamic system 70 

The eYeNamic system is a useful tool used for livestock monitoring (Costa et al., 2009). In 71 

the experiments of this work, this system was consisted of a setup with 3 top-view cameras 72 
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distributed over the length of the house which was 63.5 meters long. Cameras were evenly 73 

distributed over the entire length of the house. Each camera was in a protective housing to 74 

shield it from dust and moisture. The lens was pointed downwards to get a top view of the 75 

ground surface. Images were captured with a resolution of 1280 by 960 pixels and a 0.5 Hz 76 

frame rate1 in MxPEG format. Software was developed to measure the distribution index of 77 

animals, visible in the camera image, in real time and in practical conditions. Figure 1 shows 78 

how the input images looked like when three cameras were used. 79 

eYeNamic measures amount of object pixels in ratio to background with average absolute 80 

error of 8%. These pixel ratios are used for calculating distribution index. This calculation 81 

will be explained in section 2.4. 82 

Place of Figure 1 83 

2.2. Birds and housing 84 

For the experiments, a commercial broiler house in the Netherlands was equipped with an 85 

eYeNamic system. In the application of this work eYeNamic allowed following the behaviour 86 

of the broilers flock from minute to minute. Clear top-view images showed the distribution 87 

index of the animals and abnormal behaviour was visible immediately, enabling one to 88 

respond in time before any abnormalities could affect the welfare or health of the animals. 89 

Images collected from the eYeNamic system together with time and date labels were 90 

exported to CSV2 files. These files were analysed in MATLAB subsequently. 91 

This study comprised two experiments, each for 42 days. Experiments were carried out in a 92 

commercial broiler farm. The first experiment data were used for development and the second 93 

for validation. In each experiment, day old broilers with a weight of 40±5 grams were brought 94 

to the house and grew up during 42 days. The key specifications of the experiment were as 95 

                                                           
1 Although one image was captured every two seconds, eYeNamic gave out its pre-

processed data every 5 minutes. 
2 Comma Separated Values 
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follows: The house had dimensions of 19.8 meters by 63.5 meters and a height of 5.10 meters 96 

and housed 28000 ROSS 308 broilers. It was equipped with a climate control system (Type 97 

Fancom FUP1EA2) and Fancom MTT (Minimum Transitional Tunnel) ventilation concept 98 

with Fancom ImagO-system (Mixed air ventilation). Water was freely available to all birds by 99 

means of 5 drinking lines during the light periods. Food was a combination of wheat and 100 

pellets (start, growth and finish) and an automatic feeding system (type Fancom FWBU2B1) 101 

was used. The feeding regime was based on the amounts shown in table 1. 102 

Place of Table 1 103 

Mean air temperature was set at 34°C during day 1 while temperature was decreased 104 

gradually until 20°C at the end of the growth period. Light was switched on and off four times 105 

a day, so there were 4 light periods with a minimum light intensity of 5 lux and a maximum of 106 

10 lux (when the light was on) for 5 hours and 4 dark periods (when the light was off). The 107 

start of the first light period was at 3AM. Figure 2 shows a top view image of the birds in the 108 

house in a surface of 19.8 by 63.5 meters at the age of 27 days. 109 

Above experiment was carried out twice. During the first monitoring period of 42 days 110 

(experiment 1) no event in the house was noted by the farmer. The data of this experiment 111 

were used for developing the model used for prediction of the next light periods data. In the 112 

validation experiment, however, a logbook was filled in by the farmer indicating the events 113 

happening in the house. This was taken as a reference to validate the algorithm. Figure 3 114 

shows the process of data processing using eYeNamic monitor tool versus manual scoring of 115 

the events by farmer. The logbook and the validation process are explained in section 2.6.2. 116 

Place of Figure 2 117 

Place of Figure 3 118 

2.3. Equipment 119 

During the experiment, video recordings of the broilers in the house were made 120 
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continuously for 42 days (for the whole growth period). The research farm was equipped with 121 

three identical Mobotix M24SEC22-D22 IP-cameras with real focal length of 4 mm, 122 

horizontal image angel of 90 degrees and vertical image angel of 67 degrees. Cameras were 123 

installed in the ridge at the height of 5 meters to capture top-view images over concrete floor 124 

with wood shavings. These cameras were connected to a PC over the farm network. Top-view 125 

images were used because this solution is simple and robust to implement in field conditions 126 

and produces the most useful data for the purpose of this study (Van der Stuyft et al., 1991). 127 

Using MxControlCenter (V2.4 MOBOTIX AG, Germany) software, images were recorded 128 

during broilers growth period (42 days) continuously and eYeNamic data were collected 129 

every 5 minutes. This resulted in 2880 hours of videos (5,184,000 images). 130 

2.4. Distribution index calculation 131 

To calculate the animal distribution index, the image captured by each camera was divided 132 

to 10x6 zones and the occupation density of broilers in each zone was considered after 133 

binarising the image using histogram shape-based thresholding explained by Cherry and 134 

Barwick (1962) and Buyse J et al. (1996). 135 

Zone Occupation Density (ZOD) in zone (i,j) was calculated using equation 1. 136 

      (1) 137 

In the above equation, O(x,y,t) is the occupation (foreground pixels in the binary image) of 138 

a zone (grids in figure 1) and Zs is the size of the zone in pixels. 139 

There were 60 zones per camera and 3 cameras in the house, so in total there were180 140 

zones. For covering a total of 28000 birds, the average occupation rate of all zones from the 141 

different cameras was calculated using equation 2. 142 
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In the above equation, M and N are the number of rows and columns of zones respectively 144 

and C is the number of cameras. In the example shown in figure 4, this is the arithmetic mean 145 

of the 180 values from the three matrices along. The mean value here is 36 (per 1 m2). 146 

Place of Figure 4 147 

Using ZOD(i,j)(t) of each of the cameras The distribution index is calculated from the three 148 

matrices. All values (180 in this example) are checked to see how many of them are out of the 149 

range of 20% from ZOD(t)തതതതതതതതത. Equation 3 shows how this calculation is performed (α = 0.2 or 150 

20%). 151 
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Finally, the distribution index is yielded by equation 4 (α = 0.2). 154 
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 156 

In the above example 67.2% of the numbers are recorded in the range of ± 20% of the 157 

average (= 36). The distribution index is thus 67.2%. 158 

Figure 5 shows the distribution index of the observed farm during a full growth period of 42 159 

days. In this figure a sequence of light and dark periods is magnified to illustrate the concept. 160 

Place of Figure 5 161 

2.5. The real time monitoring algorithm 162 

Distribution index of broilers in a broiler house follows a rather standard trend during the 163 
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growth period and increases over time rather linearly (figure 5). This trend can be affected by 164 

several factors including problems in feeding or drinking system, light intensity, etc. as shown 165 

in figure 6, thus analysing the data can help to detect the events happening in the house. To 166 

detect these events, a model-based algorithm was developed. 167 

Place of Figure 6 168 

2.6.1. Development of the adaptive real-time model 169 

As mentioned in the section 2.1, two identical experiments were carried out in this work. 170 

Based on the data of experiment 1, a linear real-time model (Pulido-Calvo et al., 2007) was 171 

developed and tested to model the distribution index of the birds as a response to the light 172 

input. Since distribution index varies linearly over time, this model is designed to predict the 173 

data of next light periods using the average slope of the previous periods. Benefits of such a 174 

model is that it is simple, fast and implementable for real-time applications and has the 175 

capability to adapt itself to variations in data. 176 

Linear real-time refers to a model in which the conditional mean of Y given the value of X 177 

is an affine function of X (Tanaka and Watada, 1988). A real-time model can be used to fit a 178 

predictive model to an observed data set of Y and X values. If a new value of X is given 179 

without its accompanying value of Y, then the fitted model can be used to make a prediction 180 

of the value of Y. The least square approach has been used to fit the Y= a*X + b linear real-181 

time model shown in figure 7. Mathematical details of this model can be found in (Draper and 182 

Smith, 1981). In figure 7, b is the final distribution index value of the previous light periods 183 

and K (the predicted slope of the current light period) is the average slope of distribution 184 

index change in the last three light periods. K and b were adapted for each light period and 185 

this process was repeated for each light period recursively. Using this model, an online 186 

prediction could be made on the distribution index each time the light was switched on. 187 

Place of Figure 7 188 
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In case the measured values are deviating from the predicted standard values, an event 189 

might have happened in the house. As shown in figure 8.a and 8.b, the predicted values are 190 

categorized based on deviation from the measured values (thin grey line) as follows: (1) thick 191 

bright grey line: less than 25% of negative or positive deviation from the measured values; 192 

this means the prediction is fulfilled. (2) thick dark grey line: more than 25% of negative or 193 

positive deviation from the measured values; this means the prediction has lost following the 194 

measured values. If the faulty (dark thick grey line) region continues for more than 15 195 

minutes, an alarm will be generated. 196 

The prediction model explained above works based on a moving window. The moving 197 

window is shifted for one light period each time and next light period data are predicted as 198 

shown in figure 8. 199 

Place of Figure 8.a 200 

(a) 201 

Place of Figure 8.b 202 

(b) 203 

Figure 9 shows an example of applying the prediction model on several light periods of 204 

distribution index data. In normal situation (left picture) chickens are well distributed, but as 205 

shown in the picture on the right a problem with the feeder line can cause a drop in 206 

distribution index since broilers cannot have access to food on that feeder line and spread over 207 

the regions close to other feeder lines. 208 

Place of Figure 9 209 

2.6.2. Validation of the model 210 

In the second experiment a logbook was filled by the farmer. A logbook of the validation 211 

experiment is shown in figure 10. He filled in the logbook whenever he knew there was a 212 

problem, for instance with feeder lines, or when he was observing an abnormal behaviour of 213 
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broilers. The events recorded by him were compared with the alarm regions (thick dark grey 214 

line in figure 9) generated by the algorithm. The results of the comparison will follow in the 215 

next section. 216 

Place of Figure 10 217 

3. Results 218 

In this paper an algorithm was described to detect occurrences in a broiler house using 219 

image interpretation and analysing the distribution index of broilers in captured images. In the 220 

development phase no logbook by the famer was available. Figure 11 demonstrates the 221 

predicted and the measured values that align to a precise extent. In this phase a linear real-222 

time model was used. Subsequently, in the validation phase (growth period shown in figure 223 

12) alarms generated by the algorithm were compared with the events logbook filled in by the 224 

farmer. 225 

Place of Figure 11 226 

Place of Figure 12 227 

The results of applying the algorithm on the data of a commercial broiler farm in the 228 

Netherlands for a complete fattening period are presented in figure 13. The algorithm 229 

managed to successfully detect 20 (95.24 %) out of 21 of the events happening in the house. 230 

Figure 14 demonstrates the evaluation of the algorithm by comparing the alarms it produced 231 

with the farmer’s logbook. From this figure it is clear that the algorithm is successful in 232 

detecting most of the events including food and water supply problems, climate control 233 

system failures, etc. 234 

Place of Figure 13 235 

Place of Figure 14 236 
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4. Discussion 237 

Detection of problems in a broiler house using image analysis and real time calculations is a 238 

possible step towards automatizing monitoring broiler chickens. Automatic monitoring of 239 

animals is a novel approach (De Wet et al., 2003; Venter and Hanekom, 2010; Kristensen and 240 

Cornou, 2011; Maertens et al., 2011), but employing technology in this area has proved useful 241 

to farm managers (DeShazer et al., 1988; Barnett and Hemsworth, 2009). This is mainly due 242 

to the broad applications of automated animal monitoring (Velasco-Garcia and Mottram, 243 

2003). Some of the possible applications in monitoring broilers are detecting problems with 244 

feeder and drinker lines, malfunctioning of the heater or ventilator, vaccination effects, etc. 245 

Currently parameters such as temperature are constantly measured in conventional broiler 246 

houses. In addition, alarm systems using water intake monitoring have also been investigated 247 

(Pluk et al., 2010). However, detection of events based on animal behaviour using automated 248 

image analysis in a commercial farm, has never been reported in literature. 249 

To evaluate the performance of the algorithm presented in this work, the results of the 250 

algorithm for detecting the events of data explained in sections 2.1 and 2.2 were compared 251 

with the method proposed by Pluk et al. (2010). While Pluk et al. (2010) analysed the water 252 

use pattern of broilers, the presented method in this work analysed distribution index of 253 

broilers which were highly dependent on broilers’ behaviours. This promises automatic 254 

detection of abnormal behaviours in broilers. Figure 15 compares the results obtained by each 255 

method and shows that the method implemented in this work could detect 95.24 % of the 256 

events correctly while raised no false alarms. The reference method though provoked 6 false 257 

alarms and failed to detect 2 of the events. 258 

Place of Figure 15 259 

This method offers many potential applications to improve animal husbandry management. 260 

However, mostly events such as vaccination that have long-term effects on broilers (Hoerr, 261 
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2010) are more difficult to be detected, but the algorithm still managed to detect 1 out of 2 of 262 

these events (the last right columns in figure 14). 263 

Finally, the results show that the presented algorithm together with the eYeNamic system 264 

can be used as a reliable early warning system for the farmer to manage his farm more 265 

feasibly and more economically. 266 

5. Conclusion 267 

A technique has been introduced that offers fully automated identification of problems in a 268 

broiler house. This became possible by performing real-time camera vision-based monitoring 269 

based on top-view video processing and linear real-time prediction models. The results 270 

showed that by real time prediction of distribution index of broilers, it is possible to detect 271 

problems in feeding, drinking, heating and ventilation systems, vaccination effects, etc. So 272 

far, the system is able to detect these problems with an accuracy of 95.24 % while no 273 

unwanted alarm was provoked. In conclusion, the introduced method is an important 274 

economic factor for the livestock sector since feed and water intake, health, welfare, 275 

performance and farm profitability are all variables that are important to be monitored. 276 

Finally, developing this method will help farmers to monitor their animals’ behaviours and 277 

health in a more efficient way. 278 
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Figure Headings 347 

Fig. 1. Picture of the ground surface in a broiler house equipped with eYeNamic devided to 348 

60 1 by1 meter zones in one camera’s image. 349 

Fig. 2. Top view camera image of the commercial broiler house in the Netherlands 350 

Fig. 3. Process of data processing using eYeNamic monitor tool versus manual scoring of 351 

the events by farmer. 352 

Fig. 4. Occupation matrixes for 3 cameras installed in the broiler house belonging to the 353 

images shown in Fig. 1. 354 

Fig. 5. Distribution index for the commercial farm from 26.04.2012 to 05.06.2012 355 

(dd/mm/yyyy date format) which is a full growth period of broilers;  356 

Fig. 6. Occurrences in the broiler house that affect the distribution index. Some of these 357 

events are demonstrated in this figure such as “change in light level”, “change in feed type”, 358 

“ventilation failure” and “visitors entering the house” 359 

Fig. 7. Linear real-time model used to predict distribution index; b is the final distribution 360 

index value in the previous light period; K (the predicted slope of the current light period) is 361 

the average slope of distribution index change in the last three light periods 362 

Fig. 8. Prediction window (consisting of three light periods) shifts from (a) to (b) to predict 363 

the next light period data. 364 

Fig. 9. Detection of an event by predicting distribution index in a broiler house; Dashed 365 

line: prediction; Dark thick line: alarm region (more than ±25% of deviation from the 366 

predicted value);  Thick bright grey line: less than 25% of negative or positive deviation from 367 

the measured values; Thin grey line: measured distribution index by the eYeNamic tool 368 

Fig. 10. Logbook of the validation experiment 369 

Fig. 11. Distribution index of the commercial farm used for development of the algorithm; 370 

the period spanned from 26.10.2011 to 05.12.2012 (dd/mm/yyyy date format); Measured 371 
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values vs. predicted values; 372 

Fig. 12. Distribution index of the commercial farm used for validation of the algorithm; the 373 

period spanned from 26.04.2012 to 05.06.2012 (dd/mm/yyyy date format); Measured values 374 

vs. predicted values; 375 

Fig. 13. Results of automatic detection of events in a commercial Broiler farm using 376 

eYeNamic data prediction algorithm. The number of events (100%) is the sum of false 377 

negative (4.76%) and true positive (95.24%) cases 378 

Fig. 14. Results of automatic detection of events in a commercial Broiler farm using 379 

eYeNamic data prediction algorithm categorized based on type of the events 380 

Fig. 15. Comparison of performance of the presented algorithm in this work (a) with the 381 

algorithm presented by (Pluk et al., 2010) (b); True positive cases in (a) are 33.34 % more 382 

than (b) while unwanted alarms (false positives) are only observed (28.6 %) by applying the 383 

second method. 384 
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