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Abstract: Pork production is hugely impacted by the health and breeding of pigs. Analyzing the
eating pattern of pigs helps in optimizing the supply chain management with a healthy breeding
environment. Monitoring the feed intake of pigs in a barn provides information about their eating
habits, behavioral patterns, and surrounding environment, which can be used for further analysis to
monitor growth in pigs and eventually contribute to the quality and quantity of meat production. In
this paper, we present a novel method to estimate the number of pigs taking in feed by considering
the pig’s posture. In order to solve problems arising from using the pig’s posture, we propose an
algorithm to match the pig’s head and the corresponding pig’s body using the major-and-minor axis
of the pig detection box. In our experiment, we present the detection performance of the YOLOv5
model according to the anchor box, and then we demonstrate that the proposed method outperforms
previous methods. We therefore measure the number of pigs taking in feed over a period of 24 h and
the number of times pigs consume feed in a day over a period of 30 days, and observe the pig’s feed
intake pattern.

Keywords: object detection; pose classification; object mapping; feed intake measurement

1. Introduction

Pork is one of the most commonly available meats in the world. In the last 30 years,
pork consumption in Organization for Economic Co-operation and Development (OECD)
countries has increased by about 8000 tons [1]. In line with this trend, the livestock sector
is increasing pork production. A pig’s feed intake depends on many factors, including
temperature, social environment, health, and eating habits [2]. Feed intake at different
growth stages and a feeding strategy are directly related to pig growth [3]. Voluntary feed
intake of pigs affects the growth rate and feed efficiency [4]. Therefore, monitoring the
feed intake of pigs in the barn will help to obtain indirect information about pig growth
and the environment and increase production. On the other hand, human monitoring is
labor intensive and has difficulty in providing information continuously. Radio frequency
identification (RFID) systems have been used to solve this problem. However, the per-
formance of RFID systems depends on the location of the antenna [5]. They not only are
environmentally sensitive but also take a lot of time and money because they have to be
attached to many pigs [6].

Advances in artificial intelligence have allowed us to extract useful information from
images. Some studies have applied this to the livestock sector. Zhang et al. proposed a
system for pig detection and tracking under various environmental conditions [7]. Tian et al.
proposed a system for counting pigs in the barn based on the ResNeXt model [8]. Shi et al.
proposed a system that measures pig body information by inputting 2D and 3D images [9].
Ahn et al. proposed a system for estimating pig size based on segmentation. They counted
pixels excluding the head region for stability [10]. Chen et al. acquired motion information
through the detected position of the pig. This was used to detect aggressive behavior in
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pigs [11,12]. Li et al. studied a system based on Mask-RCNN to detect a pig’s mounting
behavior [13]. Marsot studied pig face recognition based on a CNN model [14]. Recently,
in [15], the authors conducted research on the detection of individual pigs in a barn and
used a variation of YOLOV3 to obtain high accuracy for the detection of pigs. The research
neither contains the pose estimation of pigs nor counts the pigs that are actively feeding.

Some studies have raised detection performance or analyzed behavior through animal
posture information. Riekert et al. studied object recognition technology that accurately
identifies the location of pigs in various barn environments. They showed that the detection
performance can be improved by classifying the pig’s posture information into a separate
class [16]. Nasirahmadi et al. proposed a system to detect standing and lying pigs separately.
They analyzed the pigs’ group activity through the ratio of their standing over time [17].
Li et al. organized the system by distinguishing five postures [18]. Shao et al. proposed a
system for classifying pig posture based on semantic segmentation [19]. Lao et al. studied
the classification of postures in 3D images [20]. These studies raised detection performance
and analyzed behavior through pig posture. However, they did not consider feed intake
information or count accurately.

It is also possible to measure feed intake using Al-based technology. To determine
the feed intake of pigs, Yang et al. marked pigs with the letters A through D. Feed intake
was determined through the intersection area between the head and the feeder [21]. It is
interesting to note that pigs were marked with alphabets to distinguish them. However, it
is difficult to use such a system in big pig barns. Alameer et al. installed a camera just above
the feeding trough. Because the camera was close to the feeding trough, it can capture up
to four pigs. Therefore, they divided the images into seven classes: no pigs, one pig, one
eating, and so on [22]. The methodology achieved over 99.4% accuracy on the collected
data set and a faster processing speed of 50 fps. However, this system requires a separate
camera close to the feeding trough. Kim et al. [23] detected pigs by YOLOv3, v4 models.
In the paper, whether to consume or not to consume feed was designated as a class while
detecting the pigs. Additionally, unlike other methods that used such object detection
models, this paper does not perform any postprocessing, such as IoU (Intersection over
Union) calculations. Although it demonstrated fast processing speed and high accuracy in
the YOLO family of object detection models, when pigs in the images overlapped, their
performance became relatively poor, and they could not perform for unusual cases like
those in different postures, such as sleeping near the trough.

It is seen that most of the times, the research topic is focused on detecting pigs rather
than detecting pigs that are feeding in a barn. In [21-23], the authors provide a way to
detect pigs that are feeding by applying various novel methods. However, even then, they
failed to successfully identify the pigs that were feeding and distinguish the ones that were
not. Additionally, they did not use pig posture information. Several false-positive cases
were observed, where a pig would just lie near the trough and not actually feed but be
classified under pigs that were feeding. Our paper addresses such problem and compares
the results with existing related papers.

Our contribution in this paper includes detection of pigs who are feeding using a novel
approach. After the candidate pigs are chosen using distance estimation from the trough,
we map the heads of the pigs with their respective bodies. This helps us in establishing the
foundation for posture filtration, where we filter out nonfeeding pigs from the candidate
set based on the detected posture. We compare our results of detected feeding pigs with
the methods proposed by [21-23]. We then perform a brief analysis on the eating habits
and behavioral patterns of the pigs in consideration.

Section 2 introduces the data set and the proposed method. In Section 3, we compare
the performance of the detection model according to the anchor box and confirm the
detection performance. We also compare the number of pigs taking in feed in the image with
previous methods. Finally, we show the behavioral patterns by performing calculations
over a span of time. In Section 4, we discuss the proposed method and draw some
valuable conclusions.



Sensors 2023, 23, 238

3of 14

2. Materials and Methods
2.1. Dataset

The pig barn in the collected dataset has two food tanks and imaging equipment
installed at a fixed location at the top of the wall. The imaging apparatus provides a fixed
top-view image [24]. Figure 1a is a plain view of the location of the camera installed in
the pig barn and the location of the food tank, and Figure 1b is an example of an image
collected from the installed camera. The red anchor box shows the fixed positions of the
trough in the pig barn in an image.

! =

Camera

Feeder

. s
Trough ). ) |

(a) (b)

Figure 1. (a) The location of the camera installation and trough in the pig barn; (b) an example of an
image taken in a pig barn.

There are a total of 911 RGB images of the pixel size 480 x 704 obtained at 1 h intervals
over 37 days in a pig barn. The images from the barn appear grayscale to the human
eye because of the lighting conditions. Even during the daytime, there is not enough
supporting light to obtain a bright color image [24]. The camera configuration in each
image is consistent and shows a similar view containing two troughs each. Images were
captured on an hourly basis for a period of a little over a month. The obtained images
were resized to 640 x 640 and were normalized before proceeding into the next phase. The
dataset for the object detection model was divided into training, validation, and test sets at
a ratio of 8:1:1. Table 1 shows the number of images and classes for each dataset.

Table 1. Number of images and classes per data set.

Dataset
Classes 3 ;
Train Valid Test
Images 734 90 97
Head 14,095 1732 1683
Standing 5835 728 688
LyingSide 4442 547 534
LyingBelly 3817 456 447

The dataset contained four classes—pig’s Head, Standing, LyingBelly, and LyingSide
postures along with their respective anchor boxes. We manually added two more classes
that were needed for our research. We added the anchor boxes for the trough locations,
which were used to feed the pigs and another class to indicate the pigs that were feeding.

2.2. Problem of the Previous Method

To determine the set of pigs that were feeding, the distance between the pig and the
trough was taken into consideration. The proximity between the two was calculated by
using the intersection area of the pig and the trough [22]. However, it was not enough to
determine whether the pigs were actually feeding. For instance, the pigs could just stand or



Sensors 2023, 23, 238

4 of 14

lie idle near troughs instead of feeding. This raised a few exceptions for which we propose
a novel method for the detection of pigs that are (actually) feeding.

2.3. Proposed Method

Our research proceeds as follows: First, object detection is performed to detect pigs
in the images. Through this process, we generate various features that can be correlated
with different body parts of pigs. However, for our research purposes, we only consider
two features, which are head and body. The head and body of the pig follows a one-to-one
correspondence where the detected head and body pair belong to a single pig. This one-to-
one correspondent pair is later helpful in asserting whether or not the pig is feeding. Then,
from the recognized set of pigs, candidates closer to the trough are selected for further
analysis. Finally, posture filtration is performed on the set to filter the final set of pigs
who are deemed to be feeding using the detected posture on the head-body paired pigs.
Figure 2 shows the output flow after different steps of the system. A flowchart of the
proposed system is shown in Figure 3.

(c) Head-Body Mapping (d) Posture Filtration

Figure 2. Shows the output after different methods in the system. (a) shows the detection and
classification output of YOLOv5. White boxes denote head positions, red boxes indicate the pigs
lying on their sides, green boxes denote the pigs lying on their bellies, and blue boxes denote the
standing pig. (b) shows the output of candidate pigs whose head is close to the trough. (c) shows the
output of the pigs after head and body mapping. (d) shows the final output after posture filtration.

2.3.1. Pig Detection and Posture Classification

The initial step is to pass the image through an object detection algorithm to detect
the pigs in the image. For the purpose of this research, we chose YOLOvS. This process
helps to learn the features in the images that correspond to the head and body of the
pigs, their location in the image, and the location of the trough. Apart from that, while
detecting the body, our model classifies the pig’s postures, that is, whether it is standing,
LyingBelly, or LyingSide. Standing is considered a position in which pigs eat while being
supported by their four legs. LyingBelly is lying with the belly on the floor, and LyingSide
is lying sideways.



Sensors 2023, 23, 238

5o0f 14

Pig Detection and

- Posture Classification
Resize and Create new Augmentation v
Normalise Labels i
Mosalc Selecting Pigs near Feeder
v Horizontal Flip 7
Traning Set Palidatiod |iest i
| g Brightness, Head-Body
¢ [ 1 1 Contrast, Mapping
Saturation
YoloV5 Training *
Augmentation [ and Rotation, Posture Filteration
Evaluation Scale, Shear
Y Feeding-Pig
Pig Detection and ¢ Count

Posture Classification

(a) (b)

Figure 3. (a) represents the flowchart of the training model part of the proposed method, and
(b) represents the postprocessing and inference part of the proposed method.

One of the methods for improving the performance of the object detection model
using the anchor box is appropriately initializing the anchor box. Fixing the aspect ratio
and size of the initial anchor box improves accuracy when training an object detection
model. This can be obtained by performing clustering on the correct target class label
of the collected data set. The clustering algorithm uses the K-means algorithm and the
evolutionary algorithm to set the coordinates of the anchor boxes. We discuss further the
selection of anchor box configuration in Section 3.1.1.

2.3.2. Selection of Pigs near the Feeder

After obtaining the position of the feeder and the position of the pigs, it is essential to
shortlist the pigs that are close to the trough. In order to do so, we calculate the intersection
of the area of the feeder with the area of the detected pig, as shown in Equation (1). A
threshold value is used along with the intersection area to find out the pigs that are closer
to the feeder bin and possibly feeding.

Areaof Pig Head N Area of Feeder
Areaof Pig Head U Area of Feeder

)

It is inferred that if the value is less than the threshold, then the pig is far away from
the trough and should not be considered for further analysis. On the other hand, if the
value is more than the threshold, then the pig is added to the list of candidate pigs and is
subjected to further analysis. Figure 4 shows the pig’s head detected by the algorithm in
the picture.

Number of Pigs intaking feed

Figure 4. Represents the candidate pigs whose heads are close to the trough. Each (a—c) represent 0,
2, and 4 pig heads detected by the algorithm in the pictures.
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The pigs, thus, obtained from the above selection indicate those that are close enough
to the feeder are to be considered feeding. However, as shown in Figure 5, there are many
instances where the pigs are near the feeder but are not eating.

Figure 5. Shows pictures of pigs present near the trough but just lying idly without feeding.

As can be seen from the images, it is difficult to judge whether the pig is eating just
by the positions of the pig’s head and the trough. To infer whether the pig is feeding, we
propose to consider both the pig’s head and body and then analyze their postures.

2.3.3. Body-Head Mapping Algorithm

When considering the pig’s body, it is of paramount importance that we associate the
correct head with the correct body of the pig in a one-to-one correspondence. That is, the
head and body pair should belong to a single pig.

Mapping is performed by calculating the intersection area between the head and the
body. Since the size of the pig varies from one pig to the other, the intersection area is
divided by the size of the pig head and is normalized. Equation (2) is used to perform
this calculation.

head of pig Nbody of pig
. @)
head of pig

When this value exceeds a specified threshold, it is referenced that the pig’s head is
covered by other pigs or is not fully visible; in such cases, the reference is made based on
its body. The head and body mapping of the pigs is shown Algorithm 1.

However, there are cases where it is difficult to respond only to the degree of overlap
of detected objects. In Figure 6a, the boxes drawn with red and blue lines represent the
degrees of overlap between two different pigs. As can be seen in the picture, the heads and
bodies of two different pigs are very close to each other. In order to correspond a head with
its appropriate body, we propose to draw major and minor axes in the bounding boxes. In
Figure 6b, the major and minor axes of the pig are drawn with a green line. The head at the
major axis end of the body is assigned to the pig’s head. In other words, the head with the
farthest distance from the center point among the overlapping heads is chosen as the head
for the corresponding body.
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Algorithm 1 Head-Body Mapping

1: Input

2: H - Head object

3 B - Body object

4:  Output

5: P - Mapped Head Body Pair

6: Procedure

7 P < Empty list

8: for i <— 1 to length of H do

9: head + H[i]
10: if head = NULL then
11: continue
12: else
13: temp < Empty list
14: for j < 1 to length of B do
15: body < BJ[j]
16: if body = NULL then
17: continue
18: else if IoU(head, body) > 0 then
19: temp.push())
20: j < the body with the greatest distance between center points
21: body < BJj]
22: B[j] <+~ NULL
23: P.push(Pair(head, body))
24: return P

(a) (b)

Figure 6. (a) shows two pigs colored in blue and red. The heads are drawn with white color. (b) shows
the major axis in a green solid line and the minor axis in a dotted line on the same figure as (a). The
head farthest from the center of the major axis is chosen as the head of the pig.

2.3.4. Posture Filtration

After the head and body pair is made, we can now move to filtering the posture of the
pigs so that we can eliminate the pigs that are not feeding. While training, our model also
outputs the posture of the pigs. This helps us in filtering out pigs that are idly lying down
and filtering the ones that are not feeding. Posture filtration is presented in Algorithm 2.
Due to the height of the trough, it was observed that the pigs always ate while standing on
four legs. Additionally, the ones that were not feeding were lying on the floor. Therefore,
three classes were created while model-training, which consisted of Standing, LyingBelly,
and LyingSide. The LyingBelly and LyingSide postures are considered to be difficult for
pigs to eat from the trough. Figure 7a—c shows examples of possible posture filter classes.
In addition, Figure 7d is an example of a class for pig heads.
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Algorithm 2 Posture Filtration

—_

Input
P - Mapped Head-Body Pair
Output
result - Number of pigs (int)
Procedure
for i <— 1 to length of P do
head, body < P[]
if body! = standing then
P[i] + NULL
result <— the number of non-null pairs in P
return result

—_

—_

(a) LyingBelly (b) Standing

(c) LyingSide (d) Head

Figure 7. List of available postures.

From the above process, we try to predict the number of pigs eating at any given time.
However, we also need to address the way in which our research correlates in determining
the eating habits and behavioral patterns in pigs, which we discuss in a latter section.

3. Results

In this section, we will discuss the experiment parameters and results. The experiments
are organized in the following several parts, including the process of anchor box selection,
output of the detection and classifier model, quantitative analysis where our result is
compared with models proposed in related works, and qualitative analysis where we
reason the findings from our research and their usefulness.

The experiments were conducted with the CPU AMD Ryzen 7 5800X 8 Core Processor,
RAM 32 GB, and GPU NVIDIA RTX A6000 hardware specifications. The operating system
was Ubuntu 20.04. The programming language was Python 3.9.

3.1. Detection and Classification Model

We used the YOLOv5m model as an object detector. The optimizer was Adam W, the
momentum was set to 0.937, and the learning rate was set to 0.01.

3.1.1. Anchor Box Selection

While YOLO models can predict bounding boxes, the accuracy still largely depends
on the correctly defined anchor boxes in the training set. Anchor boxes are the bounding
boxes having a certain height and width that are defined to capture the classes while
maintaining some scale and aspect ratio [25]. Moreover, the auto-anchor feature was added
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to YOLOV5, where the model checks for the correctness of the provided anchor boxes and
recalculates them if necessary [26]. Taking this information into account, we performed
some experiments to find the right anchor box configuration.

Table 2 draws a comparison between three different anchor box configurations. Table 2a
denotes a case where the model uses the default anchor box configuration where it does
not change the anchor boxes given during training but displaces them to have a better
prediction. The default configuration enables the model to output 9t anchor boxes. In
Table 2b, the auto-anchor box is used with a K value (used for K-means clustering) set to 9.
This was performed in order to check the output when the anchor boxes were reinitialized
based on the training data properties. Table 2c shows the output when auto-anchor box
was used with a K value of 6. It was observed that the output of the default anchor box
configuration outperformed the auto-anchor box configurations. From this, we infer that
the anchor box initialization was performed in the right way, and it performed better
than auto-anchor box configurations. Figure 8 shows the above observation on an image
captured in the pig barn. Figure 8a corresponds to the default anchor box settings and
learns from the data provided in the training set. Figure 8b shows the auto-anchor box with
the K value set to 9. The generated boxes do not accurately define the pig in consideration.
Figure 8c shows when the auto-anchor box setting was used with the K value set to 6.
The model performs well but is very stringent in drawing the bounding boxes. After
observing the results, we decided to not use the auto-anchor box setting and use the default
one, where the model learned the bounding boxes from the information provided in the
training set.

Table 2. Draws a comparison between the performance of different anchor box configurations.
(a) shows the results of the default anchor box configuration, (b) shows an auto-anchor box configura-
tion with the K value set to 9, and (c) shows an auto-anchor box configuration with the K value set to
6. P represents precision, R represents recall, and mAP represents mean average precision.

Class Images Instances P R mAP50 mAP50-95
All 89 3569 0.929 0.906 0.943 0.657
Head 89 1690 0.917 0.852 0.895 0.477
Standing 89 702 0.937 0.926 0.951 0.627
LyingBelly 89 537 0.871 0.866 0.915 0.658
LyingSide 89 464 0.929 0.903 0.962 0.749
Feeder 89 176 0.992 0.983 0.99 0.773

(@)
All 89 3569 0.92 0.893 0.936 0.648
Head 89 1690 0.922 0.852 0.882 0.459
Standing 89 702 0.93 0.926 0.953 0.626
LyingBelly 89 537 0.847 0.866 0.905 0.656
LyingSide 89 464 0.918 0.903 0.955 0.757
Feeder 89 176 0.98 0.983 0.984 0.743
(b)

All 89 3569 0.925 0.889 0.934 0.647
Head 89 1690 0.919 0.826 0.88 0.462
Standing 89 702 0.934 0.907 0.945 0.624
LyingBelly 89 537 0.857 0.846 0.914 0.655
LyingSide 89 464 0.933 0.896 0.952 0.742
Feeder 89 176 0.982 0.972 0.976 0.751

(o)

3.1.2. Training of Detection and Classification Model

The performance of the learned object detection and classification model achieved
a mAP of 0.942, a precision of 0.93, a recall of 0.91, and a confidence of 0.5. Figure 9
plots the model metrics output, where precision, recall, and mAP are measured with the
validation dataset.
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Figure 8. (a) shows the anchor boxes when trained on a default anchor box configuration, (b) shows
anchor boxes when trained on an auto-anchor box with K set to 9, and (c) shows anchor boxes when
trained on an auto-anchor box with K set to 6.

metrics

0.8
0.6
v
3
g
0.4
0.2
—— metrics/precision
— metrics/recall
0.0 —— metrics/mAP_0.5
0 25 50 75 100 125 150 175 200
epoch

Figure 9. Shows the validation metrics output by the YOLOvV5 model containing precision, recall,
and mAP.

Precision is the fraction of instances among the retrieved instances, while recall denotes
the fraction of relevant instances that were retrieved. Figure 10a plots a graph between the
harmonic mean of precision and recall also known as F1 with confidence and outputs an
F1 score of 0.92 at 0.532 confidence. Figure 10b plots between precision and recall with a

mAP of 0.5.
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Figure 10. (a) shows the confidence Vs’ F1 graph, while (b) shows a recall vs. precision graph of the
YOLOvV5 model in validation. The classes present in the graph include Head, Standing, LyingBelly,
LyingSide, Feeder, All Classes.
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3.2. Quantitative Analysis

Accuracy was calculated for test images to quantitatively analyze the performance of
the system. We represent error as the absolute value of the difference between the number
of feed intakes and the predicted feed intake present in the image. The sum of absolute
difference ratio (SADR) is defined as the sum of the errors present in the image divided by
the total population, as shown in Equation (3):

SADR =Y L;Pl‘ ®)
i

where P; and G; are actual and estimated number of pigs taking in feed in the given image I,
and T is the number of pigs in a barn. SADR indicates that the model detects the whole pig
that is actually eating, calculates the difference between the predicted number of pigs and
the actual pigs, and then normalizes them based on the total number of pigs in the barn.

We performed SADR calculation on our paper as well as some of the previously
mentioned papers. Table 3 depicts the same, and it is noted that a lower SADR value gives
a better result. It was seen that performing postprocessing methods on the images yielded a
better result compared with when not using any additional methods. Kim et al. performed
poorly on our dataset as it was unable to detect pigs that were in close proximity to each
other and was unable to identify those that had different postures, such as sleeping near
the trough. Alameer et al. showed a comparatively better performance because of a higher
number of classes in the classification of pig postures in the image. Yang et al. obtained
a value of 2.98 as it used a postprocessing method of distance estimation (DE) between
the pig and the trough and only considered the pigs that passed the distance estimation
threshold. Our proposed method also uses distance estimation along with posture filtration
to achieve an even lower SADR value.

Table 3. Performance analysis of various related models where DE denotes distance estimation and
PF denotes posture filtration.

Methods Remarks SADR
Kim et al. [23] No postprocessing 129
Alameer et al. [22] No postprocessing 3.92
Yang et al. [21] DE 2.98
Proposed method (ours) DE + PF 1.30

3.3. Qualitative Analysis

Pigs show different patterns of behaviors, such as gathering near the food tank de-
pending on the time, actively wandering around, or sleeping around the corner. Figure 11
is a graph measuring the number of pigs that are feeding in a set of images captured at a
certain time. The solid red line is the time when the pigs are actively moving, and it can
be seen that one or two pigs are feeding. The blue dash-dotted line represents the time to
sleep, and it can be seen that none of the pigs are feeding. The solid green line shows that
the pigs actively feed during mealtime.

Furthermore, Figure 12a shows the number of times pigs are eating throughout the
whole day. It can be observed that there is a spike in the morning and in the afternoon,
which gives insights into the feeding patterns of the pigs in the barn. The appearance of
such pattern in feed intake during the afternoon and the night behavior corroborates what
has been said in previous studies [27]. Figure 12b shows the average number of times the
pigs are feeding in a day for over 30 days. Such analysis over a substantial period can
give useful information regarding behavior and feed intake, which can help in deriving a
relationship between feed efficiency and growth rate among pigs [28].
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Figure 11. Shows the number of pigs that are eating feed in images that are captured at a certain
time frame.
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Figure 12. (a) shows the number of times pigs consume feed over a period of 24 h. (b) shows the
number of times pigs consume feed in a day over a period of 30 days.

Studies on behaviors of barn animals have indicated that illness causes animals to
spend more time resting and less time feeding [29]. The feeding and ruminating behavior of
barn animals provides vital information about their health, welfare, and productivity [30].
Therefore, alterations in feeding behavior could also be indicative of illness in barn animals
and, in our case, pigs.

4. Discussion and Conclusions

This paper presents a novel approach to detecting pigs that are actually feeding using
YOLOVS5 for object detection along with pig head—body mapping and posture filtration. The
object detection model enables identifying the pig’s head, body, their landmarks, trough
location, pig’s posture, and whether the pig is feeding. Using this output information,
candidate pigs are selected through distance estimation between the trough and the pig’s
head. Mapping the pig’s head and body helps in identifying the pig as a whole unit, which
is then used for posture filtration, where the pigs that are not standing are filtered out. Such
an approach eliminates unusual cases of pigs that are lying near the trough and not feeding.
In addition, quantitative and qualitative analyses are performed, where we compare the
SADR score of our model with the related papers in the field. It was seen that our proposed
method scored the lowest SADR value, which highlights our approach of implementing
pose filtration for calculating the number of pigs feeding in any given picture. Useful
information regarding the health and feeding habits of pigs can be known, which becomes
influential in monitoring growth among pigs. Further research can be performed to increase
the performance of the model by giving special attention to the posture classification and
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overlapping of pigs near the trough. Through this paper, we proposed a practical method
of estimating the number of pigs feeding at any given time in a picture by using the
YOLO model to detect pigs in the image and then performing postprocessing of distance
estimation and posture filtration in livestock barns. The identification and management of
pig growth through the measurement of feeding-pig count can be influential in the proper
management, nurturing, and breeding of pigs.

Author Contributions: Conceptualization, T.K. and ].K.; methodology, T.K.; software, T.K.; validation,
TK., YK. and J.K; investigation, T.K.; resources, Y.K. and S.K; data curation, Y.K. and S.K.; writing—
original draft preparation, T.K.; writing—review and editing, T.K. and ]J.K. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by the Ministry of Science and ICT, South Korea, grant number
2018-0-00387.

Acknowledgments: This work was supported by an Institute for Information and Communications
Technology Promotion (IITP) grant funded by the Korean government (MSIT) (No. 2018-0-00387,
Development of ICT-Based Intelligent Smart Welfare Housing System for the Prevention and Control
of Livestock Disease).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  OECD. Meat Consumption (Indicator). 2022. Available online: https://doi.org/10.1787 /fa290fd0-en (accessed on 19 November 2022).

2. De Lange, C.EM.; Marty, B.].; Birkett, S.; Morel, P; Szkotnicki, B. Application of pig growth models in commercial pork production.
Can. J. Anim. Sci. 2001, 81, 1-8. [CrossRef]

3.  Nyachoti, C.M,; Zijlstra, R.T.; De Lange, C.EM.; Patience, ].F. Voluntary feed intake in growing-finishing pigs: A review of the
main determining factors and potential approaches for accurate predictions. Can. J. Anim. Sci. 2004, 84, 549-566. [CrossRef]

4. Henry, Y. Dietary factors involved in feed intake regulation in growing pigs: A review. Livest. Prod. Sci. 1985, 12, 339-354.
[CrossRef]

5. Adrion, F; Kapun, A.; Eckert, F; Holland, E.-M.; Staiger, M.; G6tz, S.; Gallmann, E. Monitoring trough visits of growing-finishing
pigs with UHF-RFID. Comput. Electron. Agric. 2017, 144, 144-153. [CrossRef]

6. Maselyne, J.; Saeys, W.; Ketelaere, B.D.; Mertens, K.; Vangeyte, J.; Hessel, E.E.; Millet, S.; Nuffel, A.V. Validation of a High
Frequency Radio Frequency Identification (HF RFID) system for registering feeding patterns of growing-finishing pigs. Comput.
Electron. Agric. 2014, 102, 10-18. [CrossRef]

7. Zhang, L, Gray, H.; Ye, X,; Collins, L.; Allinson, N. Automatic Individual Pig Detection and Tracking in Pig Farms. Sensors 2019,
19, 1188. [CrossRef]

8. Tian, M.; Guo, H.; Chen, H.; Wang, Q.; Long, C.; Ma, Y. Automated pig counting using deep learning. Comput. Electron. Agric.
2019, 163, 104840. [CrossRef]

9.  Shi, C,; Zhang, ].; Teng, G. Mobile measuring system based on LabVIEW for pig body components estimation in a large-scale
farm. Comput. Electron. Agric. 2019, 156, 399-405. [CrossRef]

10. Ahn, H,; Choi, W,; Park, S.; Chung, Y.; Park, D. Image Processing and Deep Learning Techniques for Fast Pig’s Posture
Determining and Head Removal. KIPS Trans. Softw. Data Eng. 2019, 8, 457-464.

11.  Chen, C.; Zhu, W.; Guo, Y.; Ma, C.; Huang, W.; Ruan, C. A kinetic energy model based on machine vision for recognition of
aggressive behaviours among group-housed pigs. Livest. Sci. 2018, 218, 70-78. [CrossRef]

12.  Chen, C.; Zhu, W.; Steibel, J.; Siegford, J.; Wurtz, K.; Han, J.; Norton, T. Recognition of aggressive episodes of pigs based on
convolutional neural network and long short-term memory. Comput. Electron. Agric. 2020, 169, 105166. [CrossRef]

13. Li, D.; Chen, Y.; Zhang, K.; Li, Z. Mounting Behaviour Recognition for Pigs Based on Deep Learning. Sensors 2019, 19, 4924.
[CrossRef]

14. Marsot, M.; Mei, ].; Shan, X.; Ye, L.; Feng, P; Yan, X.; Zhao, Y. An adaptive pig face recognition approach using Convolutional
Neural Networks. Comput. Electron. Agric. 2020, 173, 105386. [CrossRef]

15. Hao, W,; Han, W.,; Han, M,; Li, F. A Novel Improved YOLOvV3-SC Model for Individual Pig Detection. Sensors 2022, 22, 8792.
[CrossRef]

16. Riekert, M.; Klein, A.; Adrion, F.; Hoffmann, C.; Gallmann, E. Automatically detecting pig position and posture by 2D camera
imaging and deep learning. Comput. Electron. Agric. 2020, 174, 105391. [CrossRef]

17.  Nasirahmadi, A.; Sturm, B.; Edwards, S.; Jeppsson, K.-H.; Olsson, A.-C.; Miiller, S.; Hensel, O. Deep Learning and Machine Vision
Approaches for Posture Detection of Individual Pigs. Sensors 2019, 19, 3738. [CrossRef]

18. Li, D.; Zhang, K.; Li, Z.; Chen, Y. A Spatiotemporal Convolutional Network for Multi-Behavior Recognition of Pigs. Sensors 2020,

20, 2381. [CrossRef]


https://doi.org/10.1787/fa290fd0-en
http://doi.org/10.4141/A00-006
http://doi.org/10.4141/A04-001
http://doi.org/10.1016/0301-6226(85)90133-2
http://doi.org/10.1016/j.compag.2017.11.036
http://doi.org/10.1016/j.compag.2013.12.015
http://doi.org/10.3390/s19051188
http://doi.org/10.1016/j.compag.2019.05.049
http://doi.org/10.1016/j.compag.2018.11.042
http://doi.org/10.1016/j.livsci.2018.10.013
http://doi.org/10.1016/j.compag.2019.105166
http://doi.org/10.3390/s19224924
http://doi.org/10.1016/j.compag.2020.105386
http://doi.org/10.3390/s22228792
http://doi.org/10.1016/j.compag.2020.105391
http://doi.org/10.3390/s19173738
http://doi.org/10.3390/s20082381

Sensors 2023, 23, 238 14 of 14

19.

20.

21.

22.

23.

24.

25.

26.
27.

28.

29.

30.

Shao, H.; Pu, J.; Mu, J. Pig-Posture Recognition Based on Computer Vision: Dataset and Exploration. Animals 2021, 11, 1295.
[CrossRef]

Lao, F; Brown-Brandl, T.; Stinn, ].P.; Liu, K.; Teng, G.; Xin, H. Automatic recognition of lactating sow behaviors through depth
image processing. Comp. Electron. Agric. 2016, 125, 56-62. [CrossRef]

Yang, Q.; Xiao, D.; Lin, S. Feeding behavior recognition for group-housed pigs with the Faster R-CNN. Comput. Electron. Agric.
2018, 155, 453-460. [CrossRef]

Alameer, A.; Kyriazakis, I.; Dalton, H.A.; Miller, A.L.; Bacardit, ]. Automatic recognition of feeding and foraging behaviour in
pigs using deep learning. Biosyst. Eng. 2020, 197, 91-104. [CrossRef]

Kim, M.; Choi, Y.; Lee, ].N.; Sa, S.; Cho, H.C. A deep learning-based approach for feeding behavior recognition of weanling pigs.
J. Anim. Sci. Technol. 2021, 63, 1453. [CrossRef] [PubMed]

Kim, YJ.; Park, D.H.; Park, H.; Kim, S.H. Pig Datasets of Livestock for Deep Learning to detect Posture using Surveillance
Camera. In Proceedings of the International Conference on Information and Communication Technology Convergence, Jeju
Island, Republic of Korea, 21 October 2020; pp. 1196-1198.

Anchor Boxes for Object Detection. Available online: https:/ /www.mathworks.com /help/vision/ug/anchor-boxes-for-object-
detection.html (accessed on 25 November 2022).

YOLO v5. Available online: https://github.com /ultralytics /yolov5 (accessed on 25 November 2022).

Fernandez, J.; Fabrega, E.; Soler, |.; Tibau, J.; Ruiz, J.L.; Puigvert, X.; Manteca, X. Feeding strategy in group-housed growing pigs
of four different breeds. Appl. Anim. Behav. Sci. 2011, 134, 109-120. [CrossRef]

Rauw, W.; Soler, ].; Tibau, J.; Reixach, J.; Gomez Raya, L. Feeding time and feeding rate and its relationship with feed intake, feed
efficiency, growth rate, and rate of fat deposition in growing duroc barrows. J. Anim. Sci. 2006, 84, 3404-3409. [CrossRef]
Wolfger, B.; Timsit, E.; White, B.].; Orsel, K. Systematic review of bovine respiratory disease diagnosis focused on diagnostic
confirmation, early detection, and prediction of unfavorable outcomes in feedlot cattle. Vet. Clin. Food Anim. Pract. 2015, 31,
351-365. [CrossRef]

Benaissa, S.; Tuyttens, F A ; Plets, D.; Cattrysse, H.; Martens, L.; Vandaele, L.; Joseph, W.; Sonck, B. Classification of ingestive-
related cow behaviours using RumiWatch halter and neck-mounted accelerometers. Appl. Anim. Behav. Sci. 2019, 211, 9-16.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.3390/ani11051295
http://doi.org/10.1016/j.compag.2016.04.026
http://doi.org/10.1016/j.compag.2018.11.002
http://doi.org/10.1016/j.biosystemseng.2020.06.013
http://doi.org/10.5187/jast.2021.e127
http://www.ncbi.nlm.nih.gov/pubmed/34957458
https://www.mathworks.com/help/vision/ug/anchor-boxes-for-object-detection.html
https://www.mathworks.com/help/vision/ug/anchor-boxes-for-object-detection.html
https://github.com/ultralytics/yolov5
http://doi.org/10.1016/j.applanim.2011.06.018
http://doi.org/10.2527/jas.2006-209
http://doi.org/10.1016/j.cvfa.2015.05.005
http://doi.org/10.1016/j.applanim.2018.12.003

	Introduction 
	Materials and Methods 
	Dataset 
	Problem of the Previous Method 
	Proposed Method 
	Pig Detection and Posture Classification 
	Selection of Pigs near the Feeder 
	Body–Head Mapping Algorithm 
	Posture Filtration 


	Results 
	Detection and Classification Model 
	Anchor Box Selection 
	Training of Detection and Classification Model 

	Quantitative Analysis 
	Qualitative Analysis 

	Discussion and Conclusions 
	References

