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Abstract

Computer vision techniques are becoming increasingly popular for monitoring pig behavior. For instance, object detection models allow us to
detect the presence of pigs, their location, and their posture. The performance of object detection models can be affected by variations in lighting
conditions (e.g., intensity, spectrum, and uniformity). Furthermore, lighting conditions can influence pigs’ active and resting behavior. In the con-
text of experiments testing different lighting conditions, a detection model was developed to detect the location and postures of group-housed
growing-finishing pigs. The objective of this paper is to validate the model developed using YOLOV8 detecting standing, sitting, sternal lying, and
lateral lying pigs. Training, validation, and test datasets included annotation of pigs from 10 to 24 wk of age in 10 different light settings; varying
in intensity, spectrum, and uniformity. Pig detection was comparable for the different lighting conditions, despite a slightly lower posture agree-
ment for warm light and uneven light distribution, likely due to a less clear contrast between pigs and their background and the presence of
shadows. The detection reached a mean average precision (mAP) of 89.4%. Standing was the best-detected posture with the highest precision,
sensitivity, and F1 score, while the sensitivity and F1 score of sitting was the lowest. This lower performance resulted from confusion of sitting
with sternal lying and standing, as a consequence of the top camera view and a low occurrence of sitting pigs in the annotated dataset. This
issue is inherent to pig behavior and could be tackled using data augmentation. Some confusion was reported between types of lying due to oc-
clusion by pen mates or pigs’ own bodies, and grouping both types of lying postures resulted in an improvement in the detection (MAP = 97.0%).
Therefore, comparing resting postures (both lying types) to active postures could lead to a more reliable interpretation of pigs’ behavior. Some
detection errors were observed, e.g., two detections for the same pig were generated due to posture uncertainty, dirt on cameras detected as
a pig, and undetected pigs due to occlusion. The localization accuracy measured by the intersection over union was higher than 95.5% for 75%
of the dataset, meaning that the location of predicted pigs was very close to annotated pigs. Tracking individual pigs revealed challenges with ID
changes and switches between pen mates, requiring further work.

Lay Summary

In this study, a computer vision model was developed to detect growing-finishing pigs and determine their location and posture in a conventional
farm setting with different lighting conditions. This model managed to locate and accurately detect standing and lying pigs, however, detecting
sitting pigs and differentiating pigs lying either on the side or on the belly was more complicated. The presence of unevenly distributed and warm
light slightly reduced the percentage of postures correctly predicted. The position of pigs in the pen was accurately predicted by the model,
although some errors occurred, such as pigs not being detected when occluded or in close proximity to other pigs, detection of non-existing
pigs due to dirt on the camera and double detection of pigs in ambiguous postures for the model. Lastly, the model showed high accuracy in
differentiating lying pigs (i.e., on the side or on the belly) from non-lying pigs (i.e., standing or sitting).
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Introduction

The technologies used in the domain of precision livestock
farming aim at automatically monitoring animals, and the use
of such technologies has intensified over the last three decades
(Tzanidakis et al., 2021). These technologies are based on a
wide variety of sensors; for example radio-frequency identi-
fication tags, load cells, photoelectric sensors, microphones,
thermal cameras, and RGB cameras (Gomez et al., 2021).
Though embedded sensors can provide accurate information,

for example, on active and nest-building behavior in sows
(Cornou et al., 2011; Oczak et al., 2015), mounting embedded
sensors on animals could possibly impair the animals’ integ-
rity or cause stress due to handling (Gomez et al., 2021).
Moreover, the use of embedded sensors is barely possible in
group-housed pigs due high risk of sensor destruction or loss.
These issues are avoided when using camera technology in
pig farming. The more recent introduction of computer vision
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Table 1. Description of the different lighting conditions tested during the photophase

Light treatment (corresponding Average light intensity

Average light uniformity Average correlated color

experiment) (in lux) coefficient (no unit) temperature (in K)
Low intensity (exp. 1) 45 0.77 8072
Medium intensity (exp. 1) 198 0.83 8014
High intensity (exp. 1) 968 0.83 7597
Spatial gradient (exp. 1) 198 (from 71 to 330) 0.33 7452
Reference TL (exp. 2 to 3) 72 0.56 3787
Warm white LED (exp. 2) 67 0.79 2594
Forest white LED (exp. 2) 68 0.81 4336
Cool white LED (exp. 2) 68 0.83 6235
Dynamic daylight LED (exp. 3) 129 0.79 4950

techniques using cameras allows us to automatically retrieve
information on animals, e.g., count the number of pigs, esti-
mate their weight, localize them in a pen, and determine their
behavior (Li et al., 2022).

In pig behavioral studies, RGB cameras are widely
used alongside manual observation and scoring of video
recordings, which is time-consuming (Tzanidakis et al.,
2021). Recent developments of computer vision in re-
search allow the analysis of a larger amount of video
data and require less labor once the technology is ready
to use. Those techniques continue to improve and appear
as an alternative to manual observations (Li et al., 2022).
Research in computer vision focuses on better detection of
pig behaviors such as feeding, aggression, tail-biting, lying,
and postural changes (Gomez et al., 2021). Detection of
pig postures has been used in studies to assess the behav-
ioral responses to immune challenges or environmental
changes, for example in thermal conditions (Nasirahmadi
et al., 2015, 2017; Fernandez-Carrién et al., 2017). So far,
the detection of pigs’ posture has been performed mainly
with two methods: (1) image segmentation, which involves
identifying and outlining the object (Nasirahmadi et al.,
2015, 2017; Riekert et al., 2020, 2021), and (2) object
detection, which involves locating the object and placing
a bounding box around it (Alameer et al., 2020; Ji et al.,
2022; Jeon et al., 2024). Although both methods show sim-
ilar performances, object detection is the preferred method
as it is less time-consuming to train and is known to be
faster and more efficient in computer resources (Chen et
al., 2023).

A limitation in the currently developed detection models is
their sensitivity to lighting conditions that introduce noise,
impairing their performance to detect pigs (Tian et al.,2019;
Li et al., 2022). As part of a project investigating the effect
of light on pig welfare, video data of group-housed pigs
were collected under different lighting conditions. Domestic
pigs usually show diurnal activity patterns (Ingram and
Dauncey, 1985; Simonsen, 1990), which can be influenced
by lighting conditions e.g., light intensity (Christison, 1996;
Kim et al., 2021; Liu et al., 2022). In this project, various
lighting conditions were tested, necessitating the develop-
ment of a detection model capable of accurately detecting
pig postures that reflect their activity regardless of the dif-
ferent light intensities, light spectrum, and light uniformity.
Therefore, the objective of this study was to develop and
validate an object detection model that identifies individual

group-housed growing-finishing pigs and provides their
location in the pen and posture under different lighting
conditions.

Material and Methods

The detection model was developed using data collected
in a conventional commercial pig farm during experiments
investigating the effects of different light treatments on pig
welfare (see below for details). As these experiments did not in-
clude invasive treatments or measurements, no authorization
from the Animal Welfare Authority of Wageningen University
& Research (Wageningen, the Netherlands) was required, in
compliance with the Dutch (Article 1 Wet op de Dierproeven,
Rijksoverheid (2021)) and European legislations (European
Directive 2010/63/EU (European Union, 2010)).

Animals And Data Collection

In three experiments, five batches (two batches in experi-
ment 1, two batches in experiment 2, and one batch in ex-
periment 3) of 224 pigs (TN70 x TN Tempo crossbreds,
Topigs-Norsvin, the Netherlands) were studied from 9 to a
maximum of 24 wk of age. Pigs were housed in groups of
either seven females or males per pen, balanced for body
weight per light treatment. All pigs had pink skin without
black spots and were marked on the back with line patterns
and numbers using blue and green livestock spray for indi-
vidual recognition during manual behavioral observations
from video recordings. Pigs were housed in four rooms
containing eight pens each. Each pen included three dif-
ferent floor types, i.e., metal slats, solid concrete, and con-
crete slats, and each floor type accounted for about one-third
of the pen. A one-space feeder with a drinking nipple giving
semi-ad libitum access to feed, a metal chain, and a cotton
rope were present in each pen. More details about the layout
of the growing-finishing unit are available in Scaillierez et
al. (2024).

Nine different lighting conditions were used during the
three experiments conducted from September 2021 to July
2023. Light intensities, light uniformity coefficients, and
correlated color temperatures of every lighting condition are
presented in Table 1. For all light treatments, the photope-
riod was between 07:00 to 18:00 (11L:13D) and no daylight
entered the rooms as windows were covered with cardboard.
During the scotophase, the light intensity was 0 lux.
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Figure 1. Example of an annotated frame with two pens on the left (red box: lateral lying, blue box: sternal lying, purple box: standing, yellow box:
sitting), and example of output provided by the detection model on the same frame on the right. The caption above each box represents the number of
the bounding box, the assigned posture label, and the bounding box confidence value.

In each room, two RGB cameras (Axis M3057-PLVE Mk
II Network Camera, Axis Communications, Sweden) were
mounted on the ceiling (height: 2.4 m) resulting in a top-
down view with a resolution of 1920 x 1440 pixels and a
frame rate of 25 FPS with images corrected for lens dis-
tortion and white balance. During the scotophase, camera-
embedded infrared illumination was activated to allow
night vision in black and white. The view of each of the
eight cameras covered two adjacent pens (Figure 1), thus
video data were collected in 16 pens in total. Each week,
pens were recorded for 30 h continuously, from 18:00 until
00:00 the day after. During this period of recording no
other activities took place than the daily routines of the
farmer.

Description OfThe Detection Model

The framework used to detect pigs’ posture was the
YOLOv8x (You Only Look Once, version eight extra-large)
model since it is the most precise model of the YOLOVS series
according to Ultralytics (2023). YOLOvS8x is a single-stage
detector, meaning that object detection is performed in one
step. Its architecture consists of two parts, both using convo-
lutional neural network, to first extract image features and
second predict the presence of an object, i.e., a pig (Sohan
et al., 2024). Further information on the specifications and
architecture of the YOLO framework can be found in Sohan
et al. (2024). YOLOv8x was developed by Ultralytics and
was by default pre-trained on the object detection COCO
(Common Objects in Context) dataset containing 330,000
images comprising objects from 80 categories like cars, per-
sons, boats, etc. (Ultralytics, 2023). The steps to train the de-
tection model and assess it, along with the data used for each
step are schematized in Figure 2.

Data Annotation And Model Training

To train the model, the postures of pigs were manually
annotated on a total number of 1,243 frames selected from
videos with various lighting conditions, ranging from light
(as described in Table 1) to dark during nighttime (low inten-
sity: 157 frames, medium intensity: 122 frames, high inten-
sity: 100 frames, spatial gradient: 256 frames, reference TL
(fluorescent tube light): 75 frames, warm white: 75 frames,
forest white: 75 frames, cool white: 75 frames, darkness:
308 frames). A minimum of a hundred annotated frames in
each of the four light conditions differing in intensity were
selected, and 75 for the four light conditions differing in light
spectrum. In addition, more frames were annotated for light
conditions in which the detection performance of the model
was expected to be lower (e.g., in darkness, low intensity, and
spatial gradient). Frames were collected at different times of
the day from different rooms (room A: 236 frames, room B:
457 frames, room C: 250 frames, room D: 300 frames) with
growing-finishing pigs at different ages (from 10 to 24 wk
old, with each age week ranging from 10 to 319 frames), to
ensure that the model could detect all pig sizes under all ex-
perimental conditions.

Manual annotations were performed using the annota-
tion platform CVAT.ai and consisted of drawing a bounding
box around each visible pig and labeling the box with the
pig posture (see Figure 1, left picture). Bounding boxes in-
cluded all the visible parts of a pig and were in contact
with the extreme left, right, highest, and lowest edges of
the annotated pig. Only pigs in the region of interest (the
two recorded pens) were annotated. The posture labels of
bounding boxes were assigned according to the ethogram
in Table 2.

In the dataset of 1,243 frames, the first 540 manually
annotated frames by three observers (first author and 2
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Figure 2. Schematic overview of the dataset used for model training and model assessment. Frames in the training, validation, and test sets were
obtained from multiple videos including different lighting conditions, rooms, pens, and pigs at different ages. Rectangles represent datasets, dotted
outlines represent phases to train and assess the model, and the black hexagon represents the model.

Table 2. Ethogram for the annotated postures

Posture (label of the bounding box) Description

Lateral lying
Sternal lying
Sitting
Standing

Pig is lying on its side, with all limbs extended. The back of the pig is not visible or hardly visible.
Pig is lying on its belly with at least one limb tucked below the body. The back of the pig is visible.
Pig has its front legs extended and the hind quarter is in contact with the floor.

Pig is in an upright position with extended legs, and contact with the floor only via hooves.

trained students) were used for a preliminary model. This
preliminary model provided some pre-annotations with
suggested bounding boxes and posture labels for 703 frames
to accelerate the annotation process. Thereafter, all the
annotated and pre-annotated bounding boxes and their pos-
ture labels of the 1,243 frames were reviewed and corrected
when deemed necessary by the first author to limit method
and observer bias. Two subsets of the data were created
during model training (Figure 2), the training set contained
960 frames to learn to draw the bounding box and associate
the features of an image with the assigned labels (Eelbode et
al., 2021). The remaining 283 frames were included in the
validation set. This validation set allows to assess the per-
formance of the learning process of the model and adjust its
hyperparameters (architecture settings; e.g., number of con-
volutional layers or training epochs) for model improvement
(Eelbode et al., 2021).

The YOLO model to detect posture was trained using the
PyTorch-based library of YOLOv8x from Ultralytics. The
model development was performed on a computer with 12th
Gen Intel® Core™ i9-12900 processor 2.40 GHz and 32 GB,
with a NVIDIA Geforce RTX3080 graphic processing unit

and a memory of 10 GB. The final hyperparameters of the
model were an image size of 1280, a learning rate of 0.01,
a batch size of 2 frames, a number of epochs of 200 with
early-stopping when the performance of the model did not
improve for 50 epochs in a row (patience parameter), and
the optimizer in auto mode. The loss curves for training and
validation are provided in Figure 3, and the model loss func-
tion included three components; the focal loss for classifica-
tion (addressing class imbalance), the IoU loss for localization
(addressing the precision to localize objects), the objectness
loss (addressing the likelihood to contain object in parts of
the image). After running the model on a video, the output of
YOLO contains for each frame, the number of pigs detected
and the number of pigs for each of the four postures. For each
pig, information is given on the detected posture, the x and y
coordinates of the bounding box center calculated from the
average between the minimum and maximum x or y coordi-
nates of the box, the box confidence reflecting the likelihood
of a bounding box to contain an object of a certain class,
i.e., a pig in one of the four postures, and the number of the
bounding box (new number generated when a new bounding
box is created).
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Figure 3. Evolution of each component of the loss function during training (upper plots) and validation (lower plots). Blue thicker points represent results

for each epoch and the orange dotted line represents the smoothed trend.

Model Assessment

The model performance was assessed using a third inde-
pendent dataset created and called the test set (Figure 2),
allowing to reporting of the model performance in an un-
biased way (Eelbode et al., 2021). The test set consisted of
250 frames with 25 frames from each of the nine lighting
conditions (Table 1) and from darkness, selected on random
videos with pigs at different ages (as explained above for the
training and validation sets). These frames were independent
of the training and validation to assess the model perfor-
mance on completely unknown frames.

Frames of this test set were first manually annotated fol-
lowing the annotation method, as described above for the
training and validation set, and the developed model was
then run on the test frames (Figure 2). Data from the manual
annotations are referred to as “ground truth” and were
obtained from CVAT, while data from the model are further
mentioned as “prediction” and consist of the raw output of
the detection model. Data processing was performed in R
Studio (R Core Team (2020), v.4.1.0; R Studio Team (2021),
v.1.4.1717).

The metrics used to evaluate the ability of the model to
assign the correct posture label were: agreement between the

ground truth and the predicted boxes (also known as accu-
racy), precision, sensitivity (also known as recall), and F1
score.

Agreement was obtained by attributing a score of 1 when
both the ground truth and the prediction had the same
posture label, and 0 when labels did not match. The pre-
cision of the detection reflects how many of the detected
postures were correct and is calculated with this formula:
True Positive = (True Positive + False Positive) (Padilla et al.,
2021). The precision of the detection model can be averaged
across all postures giving the mean average precision (mAP)
using an Intersection over Union (IoU, explained below)
threshold of 0.5. Sensitivity informs on the ability to detect all
ground truth bounding boxes of a certain posture and is cal-
culated as: True Positive +— (True Positive + False Negative)
(Padilla et al., 2021). Lastly, the F1 score reflects on how good
the model can detect a posture in an imbalanced dataset, e.g.,
when the prevalence of each posture is not equal, as was the
case in our dataset. The F1 score is calculated as follows:
2 X [(Precision x Sensitivity) < (Precision + Sensitivity))
(Padilla et al., 2021).

The ability of the model to localize a detected pig was
assessed with the Intersection over Union (IoU). The IoU
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Figure 4. Examples of frames with detection errors. Bounding box colors represent postures as explained in Figure 1. A (top left): double bounding box
on the pig on the right, B (top right): pig not detected lying in close proximity with pen mates at the top, C (bottom left): lying pig not detected due to
occlusion by pen mates at the bottom right, D (bottom right): fly on the camera detected as a pig in night vision on the right.

represents the area of overlap between the ground truth
bounding box and the predicted bounding box and is
obtained by dividing the area of intersection between these
two boxes by the area of the union of both boxes. The IoU
ranges between 0, indicating no overlap, and 1, indicating a
full overlap. In addition, more selective versions of the av-
erage precision (AP) can be calculated by adding a constraint
of ToU above which the bounding box is considered correct
(i.e., a true positive; Padilla et al., 2021). The IoU thresholds
used are 0.5 and 0.75 (AP@0.5 and AP@0.75, respectively),
meaning that, e.g., for AP@0.5, only bounding boxes with the
right posture that are overlapping by more than 50% of their
union are considered correct and this is the threshold used in
this study for the AP calculation (see above).

Results and Discussion

Detection And Localization Of Pigs

For 449 of the 500 pens in the test set, all pigs in the pen were
detected i.e., seven pigs or six pigs in case of mortality. When
the number of detected pigs did not match the actual number
of pigs in the pen, the model either did not detect pigs or
bounding boxes were created without being associated with
an existing pig. In total, 35 pigs labeled as ground truth were
missed by the detection model, among which 19 pigs were
sternal lying, 11 were lateral lying and 5 were sitting. A higher
proportion of missed-lying pigs was found when pigs were
lying in close proximity partially occluding their pen mates
(Figure 4B), for example when performing huddling behavior
(later discussed in relation to pig’s age) or in crowded areas
(Huang et al., 2023). Occlusion of lying pigs by standing pigs
also occurred especially around the cotton rope attached to

the wall (Figure 4C) or around the feeder, as also found by
Li et al. (2022). Also, 17 non-existing pigs were detected by
the model, in which boxes were labeled as lateral lying (ten
boxes), standing (five boxes), sternal lying (one box), and
sitting (one box). In most cases, additional bounding boxes
were created on an already detected pig when the posture
was not clearly visible, resulting in two overlapping boxes
with different posture labels around the same pig (Figure 4A).
Another reason for boxes around non-existing pigs was the
presence of dirt or flies on the camera lens that were some-
times detected as pigs on grayscale images due to night vision
(Figure 4D). A similar challenge with soiled camera lenses
and flies was experienced by Zhang et al. (2019), Riekert et
al. (2021), and Kithnemund et al. (2023). Strategies to tackle
these issues are discussed later.

The model was trained on diverse light conditions to ensure
a robust model to detect pigs. The detection was considered
high for all light conditions as the percentage of correctly
detected pigs in each light treatment ranged from 97.4% to
99.7% (Table 3). The lowest percentages of correctly detected
pigs were found in darkness (during nighttime, 97.4%), in the
spatial gradient (97.4%), in the reference TL light (97.7%),
and in the warm white LED light (97.7%). Detection errors
reported in the warm white LED treatment were explained
by occlusion by pen mates of two undetected pigs, by the at-
tribution of two overlapping bounding boxes with different
posture labels on three pigs and three pigs undetected for un-
known reasons. The two treatments that had the lowest light
uniformity and showed more detection errors were TL light
and the spatial gradient. While most errors in the TL treat-
ment occurred due to two overlapping boxes on the same an-
imal for five pigs, this reason was only reported for two pigs
for the spatial gradient. Most of the detection errors in the
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Table 3. Percentage of detected pigs and agreement between the ground truth and the predicted postures per light condition

Percentage of pigs detected

Posture agreement

Low intensity 99.4
Medium intensity 98.9
High intensity 98.6
Spatial gradient 97.4
Reference TL 97.7
Warm white LED 97.7
Forest white LED 99.7
Cool white LED 99.7
Dynamic daylight LED 98.6
Darkness 97.4

spatial gradient were linked to five pigs huddling or lying in
contact with pen mates. Therefore, if heterogeneous light in-
tensity seems to induce more errors, there is no clear pattern
in the type of detection error created. Lastly, in darkness, most
of the detection errors were caused by six pigs huddling or
lying next to pen mates. Such errors are logical as pigs mostly
show a diurnal pattern in activity (Ingram and Dauncey,
1985) and pigs are more likely to lie at nighttime, when dark-
ness was provided in the context of this study.

The ability of the model to detect and accurately locate a
pig (regardless of the posture attributed) is indicated by the
IoU between the ground truth and the predicted bounding
boxes. On average, the predicted bounding boxes were
overlapping by 94.6% with their respective ground truth box
(mean IoU = 0.946), and 75% of the 3,512 bounding boxes
had an IoU higher than 0.955. The maximum IoU was 0.998,
while the lowest IoU value was 0 for 52 bounding boxes cor-
responding to 35 pigs annotated in the ground truth missed
by the model and 17 non-existing pigs that were detected by
the model. The distribution of IoU is shown in Figure 5.

Postures Of Pigs

In the test set, the average confidence of the detection model to
predict postures was 93.2%. However, the agreement between
predicted and ground truth postures was 88.1%, suggesting
that despite high confidence, the model misclassified some
predicted postures. The model confidence ranged from the
lowest at 91.2% for sitting, followed by 92.3% for sternal
lying, 93.9% for lateral lying, and the highest at 95.1% for
standing.

The model confidence to predict a posture was comparable
in all light conditions since it ranged from 92.3% to 94.0%.
The agreement in posture for each light condition was sim-
ilar under low, medium, high intensities, forest white and
cool white LED, and ranged from 88.1% to 90.9% (Table
3). However, the agreement in posture was slightly lower for
warm white LED (84.1%), reference TL (85.6 %), and the spa-
tial gradient (83.5%). A possible explanation for the reduced
posture agreement under warm white light could be due to a
lower correlated color temperature resulting in less contrast
between the pigs and their background and less pronounced
pigs’ features on the image. Furthermore, the cameras used
were running on an automatic mode that could slightly ad-
just the image saturation, contrast, brightness, and white bal-
ance. Thus the automatic correction of these parameters may
have been moderately less efficient to correct images collected
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Figure 5. Distribution of Intersection over Union between the ground
truth bounding box from manual annotations and the corresponding
predicted bounding box by the model.

under warm white light. For the reference TL and the spatial
gradient, the lower light uniformity could have affected the
agreement in posture due to the presence of shadows (Zhang
et al., 2019). However, the observers indicated that shadows
or color temperature did not influence their manual annota-
tion of postures.

The detection model had a mAP of 89.4% for all postures
combined. The AP@0.5 was also 89.4% because no predicted
bounding box had an IoU lower than 53.1%. The more re-
strictive AP@0.75 was 88.7%, as 25 bounding boxes had an
IoU of less than 0.75, and were therefore not overlapping
enough to be considered as correct. When looking more
specifically at how the model performed for each posture
(Table 4), standing was the posture with the highest preci-
sion, sensitivity, and F1 score, meaning that standing was the
best-detected posture and can be accurately predicted by the
model. Concerning lying types, the precision was lower for
lateral lying compared to sternal lying, but the sensitivity of
lateral lying was higher than for sternal lying. This opposite
result between the precision and sensitivity can be explained
by 205 sternal lying pigs (ground truth) that were detected
as lateral lying pigs, decreasing the sensitivity of sternal
lying and the precision of lateral lying. In comparison, 57
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Table 4. Summary of the performance metrics of the detection model for each posture (in percentage)

Posture Prevalence Precision Sensitivity F1 score
Lateral lying 32.1 82.9 93.9 88.0
Sternal lying 43.4 91.8 83.8 87.6
Lying (lateral and sternal) 75.5 97.5 98.0 97.8
Sitting 4.9 88.6 54.4 67.4
Standing 19.6 94.1 98.7 96.4

lateral-lying pigs (ground truth) were labeled as sternal lying,
thus the sensitivity of lateral lying and the precision of lat-
eral lying were less reduced. As also highlighted by Jeon et
al. (2024), this confusion between sternal and lateral lying
may have arisen from pigs resting in ambiguous postures,
such as lying on their side with at least one leg tucked under
the body or transitions between sternal and lateral lying.
Visibility difficulties due to the camera position also occurred
with occlusion of leg positions when pigs were in contact, or
faced away from the camera (Figure 4A). Despite this confu-
sion between the two forms of lying, the F1 score (taking into
consideration the precision, the sensitivity, and the prevalence
with an imbalanced dataset here) was rather similar for both
types of lying. Furthermore, when grouping both sternal and
lateral lying into one common lying category, the detection
model performed substantially better as precision, sensitivity,
and F1 score improved (97.5%, 98.0%, and 97.8%, respec-
tively, see Table 4). Thus, data collected on sternal and lateral
lying separately have to be interpreted with care, while results
on overall lying are more robust.

Finally, sitting was the least accurately detected posture
with a low sensitivity and F1 score (Table 4). The confu-
sion matrix in Figure 6 is normalized meaning that, for each
ground truth posture (columns), the percentage of predicted
bounding boxes for each posture (rows) is displayed. Values
in the diagonal from top left to bottom right reflect the sen-
sitivity of the model for each posture. This figure also shows
that sitting pigs (third column) were more often confused as
sternal lying or as standing pigs. The main reason explaining
the limited model performance to detect sitting pigs is the low
prevalence of sitting pigs compared to other postures (3.7%
of the training and validation sets and 4.9 % of the test set, see
Table 4). This imbalance problem is also called foreground-
foreground class imbalance and leads to the underfitting of
the model on the under-represented posture (Oksuz et al.,
2020; Crasto, 2024). Imbalanced posture datasets were re-
ported in various studies (Alameer et al., 2020; Riekert et al.,
2020, 2021; Jeon et al., 2024). In some studies (Riekert et al.,
2020, 2021; Ji et al., 2022; Jeon et al., 2024), this issue was
tackled by using data augmentation generating new bounding
boxes, e.g., by mirroring frames with low occurrence posture,
to train the model on more data (Oksuz et al., 2020; Crasto,
2024). In addition, the limited performance to detect sitting
pigs was caused by confusion of sitting with sternal lying
and standing, occurring for 28.1% and 13.5% of sitting pigs
annotated as ground truth (Figure 6). It could be hypothesized
that, as sitting occurs when pigs are transitioning between
standing and sternal lying, especially when heavier, the model
might have difficulties to differentiate during these lying-
standing transitions. Similar assumptions were reported by
Jeon et al. (2024). Furthermore, observers remarked that

distinguishing sitting pigs from sternal lying pigs when they
were located right under the camera was sometimes difficult
during manual annotations. Due to the camera’s top view, the
observation of whether front legs were stretched under the
body or perfectly tucked under the body when sternal lying
was not always easy to judge. A similar issue was experi-
enced during manual annotations for stretched or bent hind
legs when observers had to differentiate between sitting and
standing. In those cases, observers paid attention to the depth
of shoulders or hips of the pig of interest compared to sur-
rounding pigs to judge how high the body part was from the
floor and determine the posture. Such difficulties in posture
distinction have been reported for both manual annotation
and model detection in Nasirahmadi et al. (2019) and Jeon
et al. (2024).

Effect Of Pig Age On Posture Detection

Regarding the age and size of pigs, a higher agreement was
obtained at 13, 15, and 17 wk of age (92.1%, 90.7%, and
88.0%) and agreement was lower for the young (86.5% at
11 wk of age) and old pigs (86.4% at 19 wk of age). Younger
pigs showed sometimes huddling behavior at the start of
the growing-finishing phase, making it more difficult to dis-
tinguish individual pigs and their respective postures. The
limited space allowance in conventional housing systems
(0.93m?/pig in this study) likely contributed to the lowest
agreement for old pigs, as more occlusions could occur when
other pigs were standing (Figure 4C). Moreover, the reduced
visible background and closer proximity between pigs made it
more difficult to distinguish individual pigs and their postures
(Figure 4B).

Limitations Of The Detection Method And Potential
ForTracking

As explained previously, the detection model can generate
errors by confusing posture labels, by missing the detec-
tion of pigs (1.0% of all bounding boxes in the test set),
creating bounding boxes for non-existing pigs (0.03%), or
by already detected pigs (0.45%). While pigs missed by the
model cannot be recovered, the detection of non-existing pigs
can be filtered afterward with data cleaning. For example,
data obtained from identified dirty cameras could be manu-
ally excluded from the dataset (Riekert et al., 2021) or data
obtained from blurry video frames could be automatically
filtered out as explained in Kithnemund et al. (2023). If two
highly overlapping bounding boxes with similar centers and
different postures are obtained for one pig, the box with the
lowest confidence could be filtered out. This post-processing
data cleaning stage, known as “non-maximum suppression”,
was performed manually on the test set and was expected to
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Figure 6. Normalized confusion matrix between the ground truth and predicted classes, values represent the proportion of predicted boxes over the
total of ground truth boxes in each ground truth class. The label “Background” on the lowest row refers to undetected pigs, and in the right column, it

refers to bounding boxes created for non-existing pigs.

improve the performance of the object detection model (Liu
et al., 2023). In the test set, 16 pigs received two overlapping
bounding boxes each, and removing one of the two
overlapping boxes with the lowest confidence improved the
mean agreement between the ground truth and the prediction
and the mAP slightly (from 88.1% to 88.3% and from 89.4%
to 89.7%). Perhaps these metrics did not improve more sub-
stantially as in some cases the bounding box with the lowest
confidence, that was removed, was actually in agreement with
the ground truth. Nevertheless, this illustrates the importance
of data inspection and cleaning after collecting data from
computer vision techniques when they are being applied to
large datasets (Riekert et al., 2020).

An additional feature of YOLOv8x compared to prior
YOLO versions is the possibility to include tracking, and
this feature was enabled in our model. The tracking involves
identifying a pig that retains the same bounding box number
(or ID) over several consecutive video frames, allowing to
study of posture changes and movement of individual pigs
over time (Zhang et al., 2019; Chen et al., 2023). In litera-
ture, multi-object tracking when applied to pigs is known to
be prone to errors, namely in ID switches (Zhang et al., 2019;
Van der Zande et al., 2021; Chen et al., 2023). ID switches
occur when the same pig is not recognized in consecutive
frames, resulting in a new pig ID being created. Reasons for
ID switches are numerous, including occlusion of pigs, close
proximity with pen mates, and similar appearance between
pigs (Zhang et al., 2019; Van der Zande et al., 2021; Chen
et al., 2023). The performance of the multi-object tracking
feature of our model could not be assessed because our test
set did not contain consecutive frames. Independent non-
consecutive frames were chosen in the test set to represent

a large diversity of lighting conditions, pig postures, loca-
tion, and age and accurately assess our model performance
in locating and detecting postures. However, to illustrate this
point, we ran the model on an additional 6-h video (from
midnight until 06:00 in the morning) at 1 FPS. In total, 1,222
IDs were generated for 14 pigs over the 6 h and a pig retained
an ID for an average of 4 min. This suggests that, as reported
in the literature, there are still challenges to collect temporal
information on individual pigs when using computer vision
techniques (Zhang et al., 2019; Chen et al., 2023). Post-
processing data inspection and cleaning could enhance these
results. For example, investigating the creation of new IDs
and correcting them to previous IDs based on, for example,
the timing and/or the location where the ID change occurs
might improve tracking of individual pigs.

Comparison OfThe Detection Model Performance

When comparing the overall performances of the model
with other studies, the detection model developed by Jeon
et al. (2024) was the most comparable, as it was also based
on the YOLO framework (v7) and detected the same set of
postures. The F1 score of the model of Jeon et al. (2024) was
higher than in our study (91% vs 85%), which was likely
due to the use of data augmentation (i.e., image flip, rota-
tion, and translation) that had improved the sitting sensitivity,
the sternal lying precision, and the standing precision, ulti-
mately resulting in a higher F1 score. A similar conclusion
can be drawn when comparing our results with Alameer et al.
(2020) and Ji et al. (2022), who respectively found an mAP of
97.2% and 95.7% (vs 89.4% in our study) using data aug-
mentation and a substantially larger training set (image flip,
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scaling and HSV augmentation with 735,094 annotated pigs
in Alameer et al. (2020), HSV augmentation, affine transfor-
mation, image flip and mosaic augmentation with 20,105
annotated pigs in Ji et al. (2022), while we used no augmen-
tation and 17,403 annotated pigs in our study). Furthermore,
different computer vision techniques were used to detect sim-
ilar postures, for example, Nasirahmadi et al. (2019) used
RFCN and found a mAP of 93%. Additionally, less detailed
ethograms to detect whether pigs were lying or not were used
with R-CNN in Riekert et al. (2020) and Riekert et al. (2021).
In these two studies, the mAP reached 80.2% during the day-
time (Riekert et al., 2020), and 84% during the day and 58 %
at night (Riekert et al., 2021). When combining both lateral
and sternal lying classes as “lying,” and sitting and standing
classes as “not lying,” our model reached a mAP of 97.0%,
a sensitivity of 95.5%, and a F1 score of 96.2%. This shows
that grouping these postures together results in a robust
model detecting “lying” and “not lying” postures.

To conclude, locations and postures of group-housed
growing-finishing pigs of different ages can be identified by
an object detection model under different lighting conditions.
The performance of the model to detect pigs was similar be-
tween lighting conditions, but the agreement in posture be-
tween the model and the human observer was slightly lower
under warm and less uniform lighting conditions, and agree-
ment was lower in young and old growing-finishing pigs. The
developed model reached a mAP of 89.4% to classify lateral
lying, sternal lying, sitting, and standing in pigs. This preci-
sion can be improved by grouping (lateral and sternal) lying
postures, as well as non-lying (standing and sitting) postures,
leading to better precision (mAP = 97.0%). The location of
the predicted bounding boxes was also precise as 75% of the
predicted boxes had an IoU of at least 95.5% with the ground
truth. Despite the accurate location, errors occurred with un-
detected pigs, detection of non-existing pigs, or attribution of
double overlapping boxes to the same pig. This stresses the
importance of including diverse conditions during the model
training. Future studies using posture detection models could
include data augmentation of postures with a low occurrence
to balance training and test sets and develop more robust
detection models. Furthermore, even though multi-object
tracking is a feature available in YOLO, some challenges re-
main regarding the change of ID for an individual pig or ID
switches between pen mates.
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