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Accurate and robust pose estimation is essential for automated livestock monitoring, particularly in group-
housed pigs where occlusions, animal overlap, and variable orientations complicate keypoint detection. This
study evaluated the effects of keypoint configuration and neural network architecture on pose estimation per-
formance in group-housed fattening pigs. Five skeletal configurations were first compared using ResNet-50 in
DeepLabCut: a standard 7-keypoint model and four extended configurations including additional ear, dorsal
body, eye, or tail-related landmarks. BODY5P, which included five anatomically distributed landmarks along the
dorsal body axis, achieved the best overall test performance, with the highest mAP (75.12 + 1.42%) and the
lowest RMSE (7.43 + 0.43 px), suggesting that consistently visible dorsal landmarks improve robustness under
group-housing conditions. Five neural network architectures were then compared using a larger annotated
dataset and repeated train-test evaluation. HRNet-W32 achieved the highest accuracy (test mAP: 92.52%; RMSE:
7.93 + 0.36 px), whereas lighter DLCRNet architectures trained faster and showed competitive test performance,
indicating their potential for resource-constrained or frequently retrained on-farm applications. Temporal
analysis of high-confidence predictions from an independent 15-min video showed stable tracking for most
dorsal landmarks, while the snout had the highest dropout rate (~46%). Exploratory spatial analysis showed that
pose outputs can support occupancy mapping and tail-snout proximity analysis, although proximity events
should be interpreted as candidate interaction indicators rather than confirmed tail-biting events. Overall, these
results highlight the importance of balancing anatomical relevance, landmark visibility, model accuracy, and
computational efficiency when designing pose-estimation pipelines for pig behaviour monitoring.

1. Introduction

Monitoring animal behaviour is particularly important in pig pro-
duction, where aggression and tail biting remain major welfare and
management challenges. These behaviours can compromise animal
welfare and lead to economic losses through increased veterinary costs,
reduced growth performance, elevated mortality, and carcass down-
grading (Devi, S. J., et al., 2024; [1]). Continuous monitoring of pigs is
therefore essential for two complementary purposes: first, to improve
the understanding of the behavioural and environmental factors that
contribute to welfare problems, and second, to support early detection
and timely intervention before severe damage occurs [2].

Recent advances in computer vision and machine learning have
created new opportunities for automated and non-invasive monitoring

of livestock behaviour. Video-based methods can be used to detect an-
imals, track their movement, identify postures, and recognize complex
behaviours such as aggression, social interaction, or mating-related ac-
tivity [1,3]. Compared with manual observation, automated video
analysis can provide continuous and high-resolution behavioural infor-
mation while reducing observer workload and subjectivity. These ad-
vantages make computer vision particularly relevant for practical farm
environments, where long-term and scalable monitoring is required.
Deep learning-based pose estimation algorithms, initially developed
for human image analysis, have become essential tools for identifying
and tracking animal behaviour (Jayachitra [4]). These models are
capable of managing substantial variability in body morphology, envi-
ronmental conditions, and image quality by leveraging large, annotated
datasets during training. While behavioural studies in laboratory
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settings typically benefit from controlled environments, their imaging
conditions are often tightly constrained by the specific experimental
design, limiting generalizability. To address this challenge, recent ap-
proaches have adopted transfer learning techniques, in which neural
networks pre-trained on general object classification tasks are fine-tuned
on smaller, domain-specific datasets of animal images [5]. In this study,
pose estimation refers to the detection of predefined anatomical land-
marks, or keypoints, on the pig body and their connection into a skeletal
representation. This representation does not directly classify behaviour
but provides spatial and temporal body-part information that can be
used for downstream behavioural monitoring.

However, pose estimation in group-housed pigs remains challenging.
Animals frequently overlap, occlude one another, change orientation,
and interact in close proximity. These factors complicate both keypoint
localization and the association of detected keypoints with individual
animals across time. In addition, anatomical landmarks differ in their
visibility and behavioural relevance. Dorsal body landmarks may be
easier to detect because they are relatively large and consistently visible
from overhead views, whereas facial or tail-related landmarks may be
more difficult to localize due to occlusion, motion, and posture varia-
tion. At the same time, these more challenging landmarks may be
essential for specific behavioural applications, including the analysis of
tail-directed interactions.

Previous studies have demonstrated the potential of deep learning
for pig detection, posture classification, and pose estimation under farm
or semi-farm conditions [6,7,1]. Recent work has also benchmarked
several pose estimation frameworks, including YOLOv8-pose, Alpha-
Pose, and OpenPose, for multi-object keypoint detection in
group-housed pigs, with YOLOv8-pose showing strong performance in
terms of accuracy and efficiency [7]. Nevertheless, several methodo-
logical questions remain insufficiently explored. First, it is not yet clear
how the choice of keypoint configuration affects pose estimation per-
formance in group-housed pigs, especially when balancing robust global
body tracking against the need to include behaviourally specific land-
marks such as the snout or tail. Second, direct comparisons among
neural network architectures under the same experimental conditions
are still limited. Third, the practical value of pose estimation for
downstream behavioural analysis depends not only on overall locali-
zation accuracy, but also on the reliability of specific keypoints, tem-
poral consistency of trajectories, and the interpretability of spatial
interaction metrics. Therefore, the aim of this study was to evaluate the
performance of alternative keypoint configurations and neural network
architectures for pose estimation in group-housed fattening pigs. Spe-
cifically, we compared five skeletal configurations, including a standard
7-keypoint model and four extended configurations incorporating
additional ear, dorsal body, eye, or tail-related landmarks. We then
compared five neural network architectures implemented in
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DeepLabCut, namely HRNet-W32, DLCRNet S32, DLCRNet S16,
ResNet-50, and ResNet-101. The analysis further explored whether
pose-estimation outputs could support temporal tracking assessment,
occupancy mapping, and candidate tail-snout proximity analysis as
preliminary indicators for downstream behavioural monitoring.

2. Materials and methods
2.1. Experimental setting

The study was conducted at the Agroscope experimental pig facility
(Posieux, Switzerland) and involved 12 castrated Large White male pigs,
all born on-site at the Agroscope experimental farm and individually
identified using RFID ear tags. The animals had intact tails, in compli-
ance with Article 18(a) of the Swiss Animal Protection Ordinance. Ob-
servations began when the pigs reached approximately 100 kg live
weight and 140 days of age. The pigs were housed in a single pen (Fig. 1)
covering a total area of 32.14 m?, which included a resting area with a
solid floor (19.12 m?), and an elimination area equipped with a slatted
floor (13.02 m?). They had ad libitum access to water and received dry
feed through two automated single-spaced feeders (Schauer Maschi-
nenfabrik GmbH & Co. KG, Prambachkirchen, Austria) operating be-
tween 07:30 and 23:30. The pen was divided into two contiguous
interconnected zones of identical size and equipment. For each zone,
enrichment and functional elements included one nipple drinker, one
drinking bowl, two fixed and one suspended flexible straw basket, a
feeding station, and two metal chains attached to the sidebars. Animals
were allowed to move freely between the two zones at all times.

To enhance individual identification on video recordings, pigs were
spray-marked weekly during routine weighing procedures practiced in
fattening experiments, eliminating the need for additional direct
handling. This method took advantage of the weighing process, during
which pigs were individually separated and restrained, allowing for
reliable ear tag verification and accurate reapplication of the markings.
Regular re-marking ensured that the identification marks remained
clearly visible throughout the video recording period. Blue spray dye
was selected based on its high visual contrast and prolonged visibility
under typical lighting and hygiene conditions. The marking procedure
followed the standard approach of animals marking, consisting of
drawing continuous lines across the pig’s body from one side to the
other, in different anatomical regions (i.e., rear, back and shoulders;
Fig. 2). This technique proved effective for a small cohort and allowed
for consistent identification regardless of the pigs’ orientation or
posture, as the markings were clearly visible from both lateral and
overhead camera views.

These visual markings were used to support individual recognition
during manual annotation and subsequent video inspection. Because
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Fig. 1. Schematic representation (a) and picture (b) of the experimental pen.
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Fig. 2. Marks for individual pig identification on video recordings.

pigs were housed as a group and could overlap or occlude one another,
individual identity was assigned only when the marking pattern and
body position were visually clear. Cases in which identity assignment
was uncertain due to overlap, occlusion, or poor visibility were treated
conservatively and were not used for identity-dependent downstream
analyses.

2.2. Video acquisition

Video recordings were obtained using 6 Panasonic I-Pro Mega Super
Dynamic WV-SW316L (Panasonic Holdings Corporation, Kadoma —
Osaka, Japan) surveillance cameras, which were installed above the
pens to capture the different functional zones, including the resting
areas and feeding stations. The cameras were installed at a height of
approximately 2.5 m using pre-existing overhead supports and posi-
tioned at varying angles to the animals, with two cameras oriented at
approximately 45° angles. This configuration was designed to maximize
coverage of the region of interest while minimizing occlusions caused by
animals, structural elements (e.g., walls, dividers, bars), and equipment.
The camera system was connected to a QNAP Network-Attached Storage
(NAS) device, providing 12 TB of digital storage capacity for video data.
Video files were managed using VioStor System Network Access Storage
management software (QNAP Systems, Inc., Xizhi District — New Taipei
City, Taiwan), which enabled efficient playback and retrieval based on
camera ID, date, and timestamp.

Video recordings were conducted daily, from 07:00 to 20:00, be-
tween April 25 and June 12, 2023, and covered both zones of the pen,
under naturally varying lighting conditions influenced by the time of
day and weather. In total, 12,415 video clips were collected, corre-
sponding to approximately 3103 h of footage. However, due to a hard-
ware malfunction in camera 6, the video files (n = 2 472) became
corrupted and could not be retrieved.

To balance storage efficiency with sufficient visual quality for
behavioural analysis, videos were recorded at a frame rate of 15 frames
per second (fps) and a resolution of 320 x 240 px. Recordings were

saved in AVI format, with each video lasting 15 min. To optimize data
processing and reduce training time for convolutional neural networks
(CNNs), the available 9943 AVI files were converted to MP4 format,
which offers improved compression efficiency without significant loss of
quality [8]. Following conversion, a video selection step was performed
to exclude non-informative videos. Videos were removed if they met any
of the following criteria: (i) no animals were present in the video or farm
staff were visible inside the pens, primarily during morning cleaning
(347 videos), or (ii) recordings corresponded to periods when pigs were
not yet visibly marked for individual identification (April 25 to May 1
and June 8 to June 12, 2023; 2235 videos total).

Due to the design of the pen, each of the interconnected zones was
monitored by a separate camera. Hence, the number of animals visible in
each frame could vary. For body part recognition and pose estimation,
videos recorded from camera 5 (Fig. 3) were selected for further anal-
ysis. For this camera, the dataset after editing consisted of 1834 15-min
videos, each containing relevant video material with visible pigs, iden-
tifiable markings, and sufficient image quality for pose estimation
analysis. This subset was used as the source material for frame extrac-
tion, annotation, model training, and downstream spatial behaviour
analysis.

2.3. Keypoint annotation and comparison among different skeleton model
configurations

To evaluate the effect of skeletal design on pose estimation perfor-
mance, five different keypoint configurations were compared using
frames extracted from the selected camera 5 video dataset. The anno-
tated image set for this comparison was expanded to include 500 images,
capturing variation in pig posture, orientation, overlap, and visibility
under group-housing conditions. The same image set was used for all
keypoint configurations to ensure that differences in performance re-
flected the anatomical landmark design rather than differences in image
content. First, we defined a simplified skeletal model for pigs consisting
of 7 anatomically relevant keypoints (standard keypoint configuration,
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Fig. 3. Overhead camera setup showing positioning above the pen (a), and the corresponding recorded view of the pen area (b).

STD). The 7-keypoint STD configuration was selected as a baseline
because it represented the minimal anatomical structure required to
describe the main body axis and head-tail orientation of the pig while
keeping annotation complexity low. This configuration provided a
reference model against which the effect of adding more detailed
anatomical landmarks could be evaluated.

Asillustrated in Fig. 4, the model captures the overall structure of the
animal using a series of custom-defined landmarks and linear connec-
tions forming a skeletal representation. The pose skeleton begins at the
snout (Point 1), serving as the initial anchor point for skeleton con-
struction. The head point (Point 2) is defined at the dorsal surface of the
skull, located medially between the bases of the ears. The left and right
ear points (Points 3 and 4, respectively) are defined at the distal tips of
the ear triangle, located symmetrically on either side of the head. The

dorsal midline of the pig is represented by 2 keypoints (Points 5 and 6)
forming the primary axis of the skeleton. These two dorsal keypoints are
located along the midline of the back: the anterior point at the vertical
projection from the forelimb, and the posterior point at the vertical
projection from the hindlimb. The tail base point (Point 7) is positioned
at the anatomical base of the tail and is connected sequentially to the
second dorsal point. Four additional configurations were derived from
STD and included extra landmarks on the ears (EAR3P), dorsal body axis
(BODY5P), tail region (TAIL2P), or head region, including the eyes
(EYES2P). Specifically, in the BODY5P configuration, five dorsal body
landmarks were distributed along the midline of the back from the
anterior shoulder region to the posterior rump region. These landmarks
are referred to as Body1 to Body5 throughout the manuscript. All key-
point and skeleton configurations were annotated on the same set of 500

EAR3P

BODYS5P

EYES2P TAIL2P

Fig. 4. Custom-defined landmarks and linear connections forming a skeletal representation across different keypoint configurations. The configurations included a 7-
keypoint model (STD) and four variants with additional anatomical landmarks focused on the ears (EAR3P), body (BODY5P), eyes (EYES2P), and tail (TAIL2P).
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images, ensuring consistency across comparative analyses. Anatomical
keypoints were manually labelled using DeepLabCut (ver. 3.0.1; [3]).
During annotation, each visible pig was treated as a separate animal
instance when individual identity could be determined from the
spray-marking pattern and spatial position within the frame. Keypoints
were not assigned when the relevant body part was not visible or when
the identity of the animal was ambiguous. The selection of image
annotation software was guided by four main criteria: widespread
adoption within the research community, availability of a user-friendly
graphical interface (GUI), ease of use, and the availability of
open-source solutions. DeepLabCut leverages deep learning techniques
to accurately predict the coordinates of user-defined anatomical key-
points. Built on TensorFlow or PyTorch, it employs transfer learning,
enabling pre-trained convolutional neural networks to be fine-tuned on
relatively small datasets. These networks act as feature extractors,
learning spatial and contextual information from images, which is then
used to infer body part locations [3]. DeepLabCut's proven performance
in dynamic and complex behavioural scenarios makes it particularly
well-suited for the aim of the present study.

To compare the five keypoint configurations, pose estimation was
performed using ResNet-50 as a common baseline architecture imple-
mented in DeepLabCut. For each configuration, the annotated image set
was divided into training and testing subsets using an 80:20 split, with
400 images used for training and 100 images withheld for testing. The
same split was applied across all configurations to ensure a controlled
comparison. This design allowed the effect of keypoint configuration to
be evaluated independently of the neural network architecture and
reduced the dependence of the comparison on a very small held-out test
set.

2.4. Pose estimation and model training

After the comparison of keypoint configurations, a separate
architecture-comparison experiment was conducted to evaluate pose
estimation robustness and generalization across a wider range of video
conditions. To build a diverse and representative dataset for this
experiment, 10 videos were randomly selected before frame extraction.
To capture the variability of pig postures and environmental conditions,
a k-means clustering algorithm was applied individually to each video.
This method grouped visually similar frames into clusters, enabling the
automated selection of 100 frames per video that best represented the
range of postures and positions present. Thus, the final pose estimation
dataset comprised a total of 1000 frames, capturing the behaviour of 12
pigs at different times of day and under varying lighting conditions.
These frames presented challenges typical of real farm environments,
including non-uniform background colours, varying illumination in-
tensities, and frequent occlusions or partial views of pigs.

The set of 1000 frames was used to evaluate pose estimation
robustness and generalization across a wider range of conditions. While
1000 frames is a relatively small dataset for deep learning applications,
this limitation is common in manual animal behaviour annotation due to
practical constraints. To overcome this, transfer learning from pre-
trained models was employed, which can improve model performance
when the available annotated dataset is limited. Based on the keypoint
configuration comparison, BODY5P was selected for the neural network
architecture comparison because it provided the best balance between
localization accuracy, anatomical coverage, and landmark visibility.
This ensured that differences among models reflected differences in
neural network architecture rather than differences in landmark
definition.

Five neural network architectures, namely DLCRNet S16, DLCRNet
S$32, HRNet-W32, ResNet-50, and ResNet-101, implemented in Deep-
LabCut, were evaluated for their tracking accuracy, computational ef-
ficiency, and robustness. ResNet-50 and ResNet-101 are general-purpose
convolutional neural networks with 50 and 101 layers, respectively.
Both are widely used in computer vision tasks, including pose
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estimation, with ResNet-101 offering deeper feature extraction at the
cost of slower performance and a higher risk of overfitting on small
datasets. DLCRNet S16 and DLCRNet S32 are custom, truncated variants
of ResNet-50 optimized for DeepLabCut; they are designed to reduce
computational load while maintaining accuracy in animal pose esti-
mation. HRNet-W32, High-Resolution Network, retains high-resolution
representations throughout the network, improving spatial precision
and robustness to occlusion.

A virtual machine equipped with one NCasT4_v3 GPU powered by an
NVIDIA Tesla T4 with 16 GB VRAM was used. The complete pipeline for
pose estimation in video footage of group-housed pigs is illustrated in
Fig. 5. First, a region of interest (ROI) was defined to isolate the pen
within each video frame. Anatomical keypoints were manually anno-
tated in the 1000 selected frames. During annotation, each visible pig
was treated as a separate animal instance when individual identity could
be determined from the spray-marking pattern and spatial position
within the frame. Keypoints were not assigned when the relevant body
part was not visible or when the identity of the animal was ambiguous.

For model evaluation, the annotated dataset was randomly divided
into 10 repeated training and testing splits using a 95:5 ratio for each
split. In each iteration, 950 frames were used for training, and the
remaining 50 frames were withheld for testing. This procedure allowed
model performance to be evaluated across different subsets of annotated
data and reduced dependence on a single train-test partition. In each
split, the pose estimation model was trained on the respective training
subset and evaluated on the corresponding held-out testing subset. The
same data splits were used for all neural network architectures to ensure
consistency and comparability across models.

The training process followed a standardized pipeline across models,
including data preprocessing, augmentation, and uniform optimization
parameters where applicable. These steps included ROI isolation, image
resizing and intensity normalization, frame selection and manual
annotation, label quality control, data splitting and shuffling, on-the-fly
augmentation such as rotations, flips, and brightness or contrast jitter,
and batchwise optimization setup. Identical hyperparameters, including
batch size, initial learning rate, learning rate schedule, and number of
training epochs, were used across networks where supported by the
respective DeepLabCut implementation to control for variability. All
models were trained using stochastic gradient descent (SGD) with mo-
mentum, following the optimization strategy recommended in the offi-
cial DeepLabCut documentation and the original paper [3]. Learning
rates were initialized according to best practices for each architecture
and dynamically adjusted during training based on convergence
behaviour. The training procedure was run for up to 100,000 iterations,
with model convergence confirmed by visual inspection of the training
loss curves. All experiments were conducted in Python version 3.9.0
within a custom virtual environment.

2.5. Pose estimation evaluation metrics

Pose estimation performance was evaluated for both experimental
stages: the ResNet-50-based comparison of keypoint configurations and
the comparison of HRNet-W32, DLCRNet S32, DLCRNet S16, ResNet-50,
and ResNet-101. In both cases, model performance was assessed on the
training and testing subsets using multiple complementary metrics,
including root mean square error (RMSE), confidence-filtered RMSE,
detection-based errors, mean average precision (mAP), and mean
average recall (mAR). The RMSE was defined as follows:

RMSE = |1 i - 874 O - 907

Z| =

where N is the total number of keypoints with ground-truth annotations;
x; and y; are ground-truth coordinates; and X; and y; are predicted co-
ordinates. However, this metric may be misleading if it is based on a
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Fig. 5. Pipeline for pose estimation in video footage of group-housed pigs. Green panels represent image preprocessing steps, blue panels correspond to model
training procedures, orange panels describe model evaluation, and red panels refer to final video analysis and evaluation for downstream behaviuoral metrics.

large number of keypoint predictions with low confidence.

During inference, each predicted keypoint is assigned a likelihood
score (p;) ranging from O to 1, reflecting the model's confidence in the
accuracy of that prediction. To ensure reliability, predictions with a
confidence score below a predefined threshold (p_cutoff) are typically
disregarded or masked during post-processing. In our study, we set
p_cutoff to 0.6. This threshold was used consistently across the evalua-
tion of keypoint configurations and neural network architectures to
enable direct comparison among models. The metric RMSE,, cutofr de-
notes the RMSE calculated only on predicted keypoints that have cor-
responding ground-truth annotations and meet the confidence criterion
(p; > p_cutoff). The RMSE_cyofr Was calculated as:

M

2Dl - F o - R

i=1

RMSEp_cutoff =

where M is the number of keypoints with ground-truth annotations and
prediction likelihood p; > p_cutoff. This approach offers a more realistic
assessment of model accuracy by focusing on predictions made with
high confidence. Using RMSE,, cytoff is particularly valuable in scenarios
with frequent keypoint occlusions, where low-confidence predictions
are more likely to be erroneous.

Similarly to RMSE and RMSE;, cutoff, We also evaluated RMSEgetections
and RMSEgetections_p_cutoff- These metrics quantify the RMSE across all
keypoints predicted by the model, even when no corresponding ground-
truth annotation exists (i.e., including false positive detections). In
contrast to standard RMSE metrics, which are computed only for an-
notated keypoints, RMSEgetections and RMSEgetections p_cutoff metrics ac-
count for all predicted points, providing insight into the model's
behaviour in the presence of spurious or extra detections (i.e., detection
of points that are not actually present). RMSEgetections considers all
predictions, while RMSEetections_p_cutoft includes only those with p; >

p_cutoff.

The mAP is the fraction of correctly predicted keypoints among all
predicted keypoints. Each average precision is calculated as the area
under the precision-recall curve for a specific keypoint, which is built
from the calculated precision at multiple thresholds (e.g., different
Euclidean distances between predicted and ground-truth keypoints).
The mAP is calculated as:

L
N <

i

M=

mAP = 1(dist; < ¢),

Il
—

where N is the total number of predicted keypoints; 1(-) is the indicator
function returning 1 if the condition is true, or 0 otherwise; dist; is the
Euclidean distance between the predicted and ground-truth coordinates
for keypoint i; ¢ is the threshold distance. In this study, ¢ = 5 px, indi-
cating that a predicted keypoint is considered correct if it falls within 5
px of the ground-truth.

Mean average recall quantifies the proportion of ground-truth key-
points that are correctly predicted by the model. The mAR is defined as:

G
mAR = Z 1(dist; < e A p; > p_cutoff),
i1

Q-

where G is the number of ground truth keypoints; 1(-) is the indicator
function returning 1 if the condition is true, or 0 otherwise. A prediction
is considered correct if the Euclidean distance between the predicted
and actual keypoint is within a defined threshold (¢ = 5 px), and its
confidence score exceeds a specified p_cutoff (0.6).

Based on the aforementioned metrics, the model with the highest
overall testing performance was selected and applied to an additional
randomly chosen 15-min video that had not been used for training or
testing. Keypoint predictions obtained from this video were used to
evaluate temporal consistency and reliability of keypoint tracking, as
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well as to conduct exploratory spatial behaviour analysis.
2.6. Temporal consistency and reliability of keypoint tracking

To evaluate neural network performance in keypoint tracking, we
computed a set of metrics for each keypoint based on data from a
randomly chosen 15-min video. This analysis was performed using
predictions from the HRNet-W32 model with the BODY5P keypoint
configuration, because this combination provided the highest overall
testing performance in the preceding comparisons. The 15-min video
used for this analysis was obtained from camera 5 and had not been used
for training or testing. These metrics were calculated using high-
confidence detections from trajectory segments in which the animal
instance could be visually identified from the spray-marking pattern and
spatial continuity. Segments with missing detections, low-confidence
predictions, severe overlap, or uncertain identity assignment were
treated as discontinuous and were not used for identity-dependent
temporal calculations. Therefore, velocity and jerk should be inter-
preted as measures of temporal stability within reliable trajectory seg-
ments rather than as indicators of uninterrupted long-term individual
tracking. The analysis was restricted to pig body parts with more than
10,000 valid detections (i.e., detections with p; > p_cutoff) to ensure
statistical robustness. To evaluate the temporal consistency and reli-
ability of keypoint tracking, three dynamic tracking metrics were
analyzed: keypoint detection failure rate (dropout), keypoint velocity,
and jerk. Dropout quantifies the proportion of keypoint predictions that
fall below the specified confidence threshold. Dropout was calculated
separately for each anatomical keypoint as the proportion of predictions
with likelihood below the confidence threshold peytoff OVer the total
number of predictions for that keypoint across the dataset. This per-
keypoint dropout rate quantifies the frequency with which individual
body parts are missed or detected with low confidence, providing insight
into model robustness against occlusions or labelling difficulties. A high
dropout rate suggests the keypoint is often occluded, poorly labeled, or
challenging to detect. This metric is critical when evaluating model
performance, especially in settings where certain body parts are
frequently obscured or ambiguous.

Keypoint velocity represents the change in position of a keypoint
between consecutive frames (inter-frame displacement, px/frame). It
reflects the typical movement magnitude of each keypoint and provides
insight into expected motion dynamics. High average velocity suggests
that the keypoint is associated with a body part that moves frequently or
rapidly. Consistent velocity (with low standard deviation) implies
smooth, predictable motion and reliable tracking over time.

Jerk, defined as the change in velocity between consecutive frames
(first derivative of velocity expressed as px/frame?, i.e., how quickly the
speed or direction of motion is changing), was used to assess the
smoothness of keypoint trajectories over time. It indicates how abruptly
the movement of a keypoint is changing. Together, these metrics offer a
comprehensive view of the spatiotemporal behaviour of each tracked
keypoint, highlighting strengths in stable keypoint localization and
revealing weaknesses in regions prone to tracking interruptions or noise.

2.7. Spatial behaviour analysis

Keypoint predictions from the 15-min video used to evaluate tem-
poral consistency were also used to explore the spatial dynamics of
fattening pigs in our setup. The same HRNet-W32 model and BODY5P
configuration were used for this analysis. This analysis was exploratory
and was intended to assess whether pose-estimation outputs could
provide interpretable spatial indicators of animal activity and potential
social interactions. The analysis was restricted to pig body parts with
more than 10,000 valid detections, defined as detections with prediction
likelihood pi > 0.9. A higher likelihood threshold was used for this
exploratory spatial analysis to reduce the risk of false-positive proximity
events.
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A two-dimensional occupancy heatmap was generated based on
predicted body landmarks to visualize patterns of space use and move-
ment within the pen. The heatmap was calculated from high confidence
keypoint detections and used to identify areas with higher or lower
spatial activity across the analysed video segment.

In addition, we analysed tail-snout proximity events as candidate
indicators of tail-directed social interaction. For each frame, pairwise
Euclidean distances were calculated between high-confidence snout
detections and high-confidence tail-base detections belonging to
different animal instances. Snout-tail pairs from the same animal were
excluded. A proximity event was defined when the snout of one pig was
located within a predefined distance of the tail base of another pig. Two
pixel-based thresholds were evaluated: 50 px as a broader exploratory
proximity criterion and 20 px as a stricter criterion for close-contact
events. Frames with missing, low-confidence, or identity-ambiguous
snout or tail detections were excluded from this analysis.

Because these thresholds were defined in image pixels and were not
calibrated to physical distance, the resulting proximity events were
interpreted as exploratory spatial indicators rather than confirmed tail-
biting events. This analysis was therefore used to demonstrate the po-
tential of pose-estimation outputs for identifying spatial zones and
candidate interaction events that may warrant further behaviour-
specific validation.

Table 1

Performance of five keypoint configurations for automated pose estimation in
pigs. The configurations included a 7-keypoint model (STD) and four variants
with additional anatomical landmarks focused on the ears (EAR3P), body
(BODY5P), eyes (EYES2P), and tail (TAIL2P).

Performance metrics' STD EAR3P BODY5P EYES2P TAIL2P
Training
RMSE (px) 1.89 + 2.24 + 2.36 + 2.16 + 2.39 +
0.06 0.08 0.09 0.07 0.09
RMSE;, cutoff (PX) 1.88 + 213 + 2.35+ 2.06 + 2.29 +
0.06 0.07 0.08 0.06 0.07
mAP (%) 96.71 98.05+  98.62 + 97.84 + 96.18 +
+ 0.41 0.35 0.36 0.27 0.44
mAR (%) 99.82 99.84 +  99.59 + 99.25 + 99.77 +
+ 0.05 0.05 0.03 0.06 0.05
RMSEgetections (PX) 1.85 + 223 + 2.37 + 2.45 + 211 +
0.07 0.08 0.08 0.08 0.07
RMSE detections_p_cutoff 1.85 + 2.14 + 2.37 + 2.04 + 1.98 +
(px) 0.06 0.07 0.08 0.06 0.06
Testing
RMSE (px) 13.21 5230+ 7.43+ 13.88 + 17.05 +
+ 0.74 3.15 0.43 0.67 0.82
RMSE}, cutofr (PX) 8.61 + 6.14 + 6.12 + 10.94 + 5.74 +
0.51 0.38 0.35 0.58 0.34
mAP (%) 68.40 51.88 + 75.12+ 72.10 + 61.45 +
+1.78 2.24 1.42 1.58 2.05
mAR (%) 78.20 59.50 + 90.15 + 77.30 £ 67.80 +
+ 1.56 2.10 1.18 1.62 1.98
RMSEgetections (PX) 12.04 4452+ 7.05+ 18.37 + 27.16 +
+ 0.68 2.73 0.41 0.93 1.28
RMSE detections_p_cutoff 8.74 + 26.85+ 574+ 12.43 + 17.82 +
(px) 0.46 1.62 0.33 0.68 0.88

! RMSE: root mean square error computed over all keypoints with available
ground-truth annotations; RMSE,, cyofr: RMSE computed only for keypoints with
a prediction likelihood > p_cutoff; mAP: mean average precision, i.e. the per-
centage of predicted keypoints within a 5-px radius of ground truth, regardless
of ground-truth presence; mAR: mean average recall: the percentage of ground-
truth keypoints correctly predicted within a 5-px radius and above the likelihood
threshold (p_cutoff); RMSEetectionss RMSE computed over all predicted key-
points, including false positives, regardless of prediction likelihood; RMSEge.
tections_p_cutof: RMSE computed over all predicted keypoints with a likelihood >
p_cutoff, including those not matched to ground-truth annotations.
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3. Results and discussion
3.1. Pose estimation performance across keypoint configurations

Table 1 summarizes the performance of five keypoint configurations
tested to identify the most effective skeletal model for automated pose
estimation in pigs. The configurations included a 7-keypoint model
(standard model, STD) and four variants with additional anatomical
landmarks focused on the ears (EAR3P), body (BODY5P), eyes
(EYES2P), and tail (TAIL2P). All anatomical landmarks were manually
annotated on an expanded set of 500 images. For each configuration,
400 images were used for training, while the remaining 100 images, also
manually annotated but withheld from training, served as a held-out test
set to evaluate model generalization. The same train-test split was
applied across all configurations to ensure that differences in perfor-
mance reflected the skeletal model design rather than differences in
image content.

Among the configurations, BODY5P consistently demonstrated su-
perior generalization, achieving the highest test mAP (75.12 + 1.42%)
and the lowest overall test RMSE (7.43 + 0.43 px), indicating robust
pose estimation performance. Additionally, BODY5P yielded the lowest
RMSEetections (7.05 £ 0.41 px) and the lowest RMSEgetections_p_cutoff
(5.74 + 0.33 px), suggesting minimal false positives and strong spatial
accuracy when predictions were above the confidence threshold
(p_cutoff = 0.6). BODY5P also achieved the highest test mAR (90.15 +
1.18%), indicating that a larger proportion of ground-truth keypoints
was correctly recovered in the held-out test set. These results suggest
that multiple anatomically distributed points along the dorsal body axis
provide a stable and occlusion-resistant framework for tracking pigs in
group-housing conditions.

In contrast, TAIL2P and EYES2P, while achieving high accuracy
during training (training mAP 96.18 + 0.44% and 97.84 + 0.27%,
respectively), showed a decline in test performance, likely due to
frequent occlusions or loss of visibility of these small, mobile features
during natural behaviour. EYES2P still showed relatively high test mAP
(72.10 £+ 1.58%), but its higher test RMSE (13.88 + 0.67 px) and
RMSEgetections (18.37 £ 0.93 px) indicate less stable localization when
all predictions and detections were considered. TAIL2P showed lower
overall test mAP (61.45 + 2.05%) and mAR (67.80 + 1.98%), suggesting
less consistent detection across the full test set. However, TAIL2P ach-
ieved the lowest RMSE;, cutoft (5.74 + 0.34 px), indicating that when
high-confidence tail-related predictions were available, their localiza-
tion could be spatially accurate.

Although the TAIL2P and EYES2P configurations exhibited lower
overall pose estimation accuracy and higher variability due to frequent
occlusions and rapid movements of these regions, they capture behav-
iourally relevant features not represented in other skeletal models. This
suggests their utility in specialized tasks such as detecting tail-biting or
ear-nibbling behaviours, which warrant dedicated investigation despite
current performance trade-offs. In this sense, lower overall localization
performance does not necessarily imply lower biological relevance.
Rather, it highlights the challenge of reliably detecting anatomically
small or highly mobile landmarks that may be crucial for specific
behavioural endpoints.

The EAR3P configuration performed the worst overall, with a test
RMSE of 52.30 + 3.15 px and mAP of 51.88 =+ 2.24%, reflecting the high
susceptibility of ear keypoints to occlusion, particularly during close
interactions or overlapping body postures. EAR3P also showed the
lowest test mAR (59.50 + 2.10%) and the highest RMSEgetections_p_cutoff
(26.85 + 1.62 px), indicating that additional ear landmarks introduced
substantial uncertainty under group-housing conditions. The difference
between training and testing RMSEqgetections_p_cutoff Values further in-
dicates model overfitting and sensitivity to noisy or ambiguous key-
points. While all configurations had relatively low RMSE values during
training, BODY5P showed the most stable metrics across training and
testing, reinforcing its robustness and anatomical reliability. Conversely,
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configurations such as TAIL2P, EYES2P, and especially EAR3P exhibited
greater variability and intermittent keypoint loss, likely due to reduced
visibility, rapid movement, and occlusion of these anatomical regions.

These results emphasize the pivotal role of skeletal model design in
optimizing pose estimation for fattening pigs. The superior performance
of BODY5P suggests that multiple, anatomically distributed points along
the pig’s back provide a stable and occlusion-resistant framework for
tracking in group-housing conditions. However, to capture detailed
biologically relevant behaviours like tail biting or ear nibbling, model
configurations need to include keypoints that, while challenging to
detect reliably, offer high behavioural resolution. Therefore, the
configuration that achieves the best overall localization accuracy is not
necessarily the configuration that is most suitable for every downstream
behavioural task. BODY5P should be interpreted as the most robust
configuration for general pose estimation in this dataset, whereas
behaviour-specific applications such as tail-biting detection require
particular attention to the reliability of snout and tail-related landmarks.

In comparison, commonly used object detection frameworks such as
YOLO are highly efficient for locating and segmenting whole animals
but are limited in providing fine-grained, anatomically detailed infor-
mation necessary for pose-based behaviour analysis. The skeletal-based
approach applied in this study therefore complements and extends
YOLO-style detection by enabling the quantification of individual body
part dynamics. Future work should focus on improving detection
robustness for behaviourally relevant but visually challenging keypoints
through targeted annotation, more diverse training data, confidence
threshold optimization, and post-processing approaches that balance
spatial precision with biological relevance. For tail-directed behaviours
specifically, future analyses should evaluate keypoint configurations
using task-specific criteria, including snout and tail localization error,
dropout rate of tail-related landmarks, and agreement with manually
annotated tail-directed interactions.

These findings are consistent with previous studies that emphasized
the importance of selecting well-defined and consistently visible key-
points. For example, recent work by Liu et al. [9] achieved high tracking
accuracy in piglets using a deep learning-based skeleton model and
highlighted the value of spatially distinct, behaviourally relevant key-
points for pose tracking. Similarly, recent studies on sow locomotion
have demonstrated that skeletal models incorporating 6 to 10 anatom-
ical landmarks achieve optimal performance for locomotion analysis
and behaviour monitoring [6]. These findings align closely with our
standard (STD) and BODY5P configurations, which balance anatomical
coverage and robustness required for precise pig pose estimation.
Finally, our results also highlight the limitations of using keypoints
prone to frequent occlusion or high motion blur, such as snouts, eyes,
ears, and tail-related landmarks. The significant performance drop in
these configurations underlines the challenge of maintaining prediction
reliability in complex, multi-animal environments.

3.2. Neural network performance

The performance metrics for pose estimation of the five neural net-
works compared in this study (HRNet-W32, DLCRNet S32, ResNet-50,
ResNet-101, and DLCRNet S16) revealed differences in accuracy and
generalization ability (Table 2). This comparison was performed using
the selected BODYS5P keypoint configuration and identical data splits
across architectures, allowing the effect of neural network backbone to
be assessed independently of differences in landmark definition or
image partitioning. Training performance showed that HRNet-W32
achieved superior accuracy, with the lowest RMSE (1.96 + 0.11 px)
and near-perfect localization metrics (mAP = 99.80%, mAR = 99.96%).
These results highlight the model’s strong capability to learn accurate
spatial details, likely due to its architecture, which maintains high-
resolution feature maps throughout the network. In contrast, ResNet-
50 and DLCRNet variants (S16 and S32) exhibited higher training
RMSE values (> 6 px), along with reduced precision (mAP between
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Table 2

Performance metrics obtained across different neural networks for pig pose
estimation (HRNet-W32, DLCRNet S32, ResNet-50, ResNet-101, and DLCRNet
$16).

Performance HRNet- DLCRNet ResNet- ResNet- DLCRNet
metrics’ w32 S32 50 101 S16
Training
RMSE (px) 1.96 5.99 6.36 5.06 6.13
+0.11 +0.67 +1.13 +0.56 +0.41
RMSE;, cutoft (PX) 1.96 4.80 4.23 4.03 4.54
+0.11 +0.28 +0.26 +0.41 +0.29
mAP (%) 99.80 92.82 91.73 93.95 91.94
+0.08 +0.94 +1.54 +0.79 +0.67
mAR (%) 99.96 93.98 93.03 95.09 93.26
+0.03 +0.95 +1.27 +0.60 +0.65
RMSEgetections (PX) 1.95 5.80 5.07 4.64 5.24
+0.11 +0.28 +0.36 +0.46 +0.35
RMSEgetections_p_cutoff 1.95 4.66 3.63+ 3.69 3.93
(px) +0.11 +0.21 0.19 +0.18 +0.20
Testing
RMSE (px) 7.93 8.91 10.53 8.67 8.76
+0.36 +1.24 +1.43 +0.76 +1.30
RMSE;, cutoft (PX) 6.68 7.13 7.54 6.84 7.52
+0.20 +0.40 +1.21 +0.21 +1.42
mAP (%) 92.52 89.93 88.15 88.77 90.59
+0.96 +1.70 +1.38 +1.98 +0.96
mAR (%) 93.59 90.95 89.50 90.18 91.55
+0.70 +1.57 +1.37 +1.80 +1.01
RMSEgetections (PX) 8.04 8.15 7.27 7.91 7.68
+0.32 +0.70 +0.46 +0.62 +0.26
RMSE getections_p_cutoff 6.85 7.02 6.70 6.75 7.00
(px) +0.20 +0.27 +0.16 +0.30 +0.24

! RMSE: root mean square error computed over all keypoints with available
ground-truth annotations; RMSE,, cytof: RMSE computed only for keypoints with
a prediction likelihood > p_cutoff; mAP: mean average precision, i.e. the per-
centage of predicted keypoints within a 5-px radius of ground truth, regardless
of ground-truth presence; mAR: mean average recall: the percentage of ground-
truth keypoints correctly predicted within a 5-px radius and above the likelihood
threshold (p_cutoff); RMSEetectionss RMSE computed over all predicted key-
points, including false positives, regardless of prediction likelihood; RMSEge.
tections_p_cutofi: RMSE computed over all predicted keypoints with a likelihood >
p_cutoff, including those not matched to ground-truth annotations.

91.7% and 92.8%). Although ResNet-101 showed moderate training
RMSE (5.06 + 0.56 px), it outperformed ResNet-50 and the DLCRNet
models in mAP (93.95%) and mAR (95.09%), indicating more accurate
learning of keypoint positions detected during training.

Testing performance further emphasized the advantage of HRNet-
W32, which maintained the best overall RMSE (7.93 + 0.36 px) and
RMSEp_cutoff (6.68 + 0.20 px), with the highest generalization accu-
racy (mAP = 92.52%, mAR = 93.59%). These findings support its
robustness in handling occlusions and spatial variability in unseen data,
consistent with previous work showing the advantages of high-
resolution representations in multi-animal and occluded contexts [10].
The DLCRNet variants, which were designed for computational effi-
ciency, demonstrated slightly lower accuracy overall but still performed
reasonably well in test settings (e.g., DLCRNet S32 test RMSE = 8.91 +
1.24 px, mAP = 89.93%). Although ResNet-50 achieved the lowest
RMSEdetections_p_cutoff during testing (6.70 + 0.16 px), the differ-
ences across all models were relatively small when low-confidence
predictions were filtered out. This suggests that, under
high-confidence prediction conditions, several architectures could pro-
duce spatially accurate detections, even if their overall generalization
performance differed.

Across the evaluated neural network architectures, all models
demonstrated generally strong capabilities for keypoint detection in
group-housed pigs, with only modest differences in predictive robust-
ness. In particular, when model predictions were filtered to include only
high-confidence detections, the variation in performance across net-
works became less pronounced. However, it is noteworthy that the SE
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associated with performance metrics varied across architectures. For
example, DLCRNet S32 and ResNet-50 showed higher variability in
training RMSE (e.g., 5.99 + 0.67 px and 6.36 + 1.13 px, respectively)
and test RMSE (e.g., 8.91 + 1.24 px and 10.53 + 1.43 px), compared
with HRNet-W32 (7.93 + 0.36 px). These differences suggest that
certain models may be more sensitive to data partitioning or training
conditions, reflecting less consistent performance across different data
splits.

However, selecting the most suitable pose estimation model should
not rely solely on traditional accuracy metrics. The practical value of a
deep learning system for livestock monitoring is shaped by multiple
other factors, including robustness to occlusion, generalizability to new
farm conditions, computational efficiency, inference speed, and the
biological relevance of predicted keypoints. Reviews of precision live-
stock farming technologies have emphasized that model selection in
real-world animal monitoring should account for the consistency of
keypoint detection under variable lighting, occlusions due to group
behaviour, and shifting pen configurations, which are challenges not
typically captured by accuracy alone [11,12].

Architectures originally designed for high-resolution spatial tasks,
such as HRNet, offered precise keypoint localization, which is particu-
larly valuable in contexts where occlusion and animal overlap are
common. Nonetheless, deeper networks such as ResNet-101 and opti-
mized variants like DLCRNet models also performed competitively,
particularly when detection confidence was considered. Previous studies
have shown that deeper networks can improve performance in complex
visual tasks [13]. In animal behaviour research, ResNet-based archi-
tectures have been widely adopted for their balance of accuracy and
efficiency [3,14]. However, direct performance comparison across
studies is not straightforward, as results depend heavily on dataset
composition, image resolution, species, camera angle, annotation
strategy, and evaluation protocol. Our findings are consistent with this
general trend: increasing network depth and feature complexity can
improve learning stability, but well-configured lighter architectures
such as DLCRNet can achieve comparable accuracy under practical farm
conditions. This suggests that the optimal choice of backbone depends
not only on absolute performance metrics but also on computational
constraints and environmental variability.

Training loss trajectories (Fig. 6) indicated that all models converged
consistently over 100 epochs, with HRNet-W32 achieving the lowest loss
with smooth and stable optimization, indicating its superior capacity to
model complex pose patterns. ResNet architectures also demonstrated
reliable convergence, although with slightly higher losses and greater
variance during early epochs, particularly for the deeper ResNet-101,
reflecting the challenges deeper networks face with optimization and
hyperparameter tuning. DLCRNet models converged fastest but pla-
teaued at higher final losses, consistent with their comparatively lower
accuracy metrics like RMSE and mAP. This underscores the familiar
trade-off between computational efficiency and predictive precision.

Model training times varied substantially across neural networks,
with HRNet-W32 requiring 4.3 to 7.5 times longer than DLCRNet to
complete. ResNet-50 and ResNet-101 occupied an intermediate position,
taking 2 to 3 times longer than DLCRNet to run (data not shown). These
differences reflect the inherent computational complexity of each ar-
chitecture: HRNet, for instance, maintains high-resolution representa-
tions throughout its layers, which greatly benefits spatial precision but
increases training cost [10]. Hence, although HRNet-W32 achieved the
highest accuracy and the most consistent performance across both
training and test sets, it did so at a considerable computational cost. In
contrast, DLCRNet models, while yielding slightly lower accuracy and
higher error variability, trained substantially faster and still delivered
competitive performance in test conditions, making them attractive
candidates for rapid prototyping, particularly in resource-constrained
settings or applications requiring frequent retraining. This aligns with
previous work in animal pose estimation, which has highlighted the
benefits of lightweight architectures for enabling scalable, real-time,
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Fig. 6. Loss of the five neural networks across epochs during model training.

and hardware-efficient deployments without incurring substantial losses
in predictive utility [15,16]. ResNet-50 offered a favorable trade-off
between training time and generalization performance, with consis-
tently low prediction variability, positioning it as a practical baseline for
moderate-resource settings.

These results highlight that selecting a pose estimation architecture
requires balancing accuracy, prediction stability, and computational
demands. For example, in high-throughput farm monitoring systems or
embedded deployments, where inference speed is prioritized over
marginal gains in accuracy, DLCRNet variants offer a compelling trade-
off, enabling rapid retraining and efficient deployment without signifi-
cant sacrifices in model robustness. Their performance is particularly
suitable also for individual-animal tracking tasks, where spatial
complexity and instance disambiguation are minimal. Their lightweight
design makes them ideal for deployment in field studies or embedded
systems with limited hardware capabilities. Conversely, in research
contexts or precision phenotyping scenarios where fine-grained accu-
racy and consistency are paramount, HRNet-W32 remains the preferred
option, despite its heavier computational demands. This context-
dependent approach to model choice reflects growing consensus in the
field [3,14,15,17], ensuring that pose estimation tools remain both
practical and scalable for diverse animal behaviour research settings.

Given the superior accuracy of HRNet-W32, this architecture was
selected for pose estimation in a randomly chosen 15-min video to test
temporal consistency and reliability of keypoint tracking and to perform
spatial behaviour analysis.

3.3. Temporal consistency and reliability of keypoint tracking

Metrics of temporal consistency and reliability of keypoint tracking
are reported, for each keypoint, in Table 3. These metrics were inter-
preted using high-confidence trajectory segments in which the animal
instance could be identified from the spray-marking pattern and spatial
continuity. Segments with missing detections, severe overlap, or un-
certain identity assignment were treated as discontinuous. Therefore,
velocity and jerk should be interpreted as measures of temporal stability
within reliable trajectory segments rather than as evidence of uninter-
rupted long-term individual tracking across all occlusion events.
Dropout rates for the head and most dorsal body landmarks ranged from
approximately 18% to 29%, indicating relatively stable detection for
several core body regions. Higher dropout was observed for Body3
(31.6%), the right ear (32.9%), and the tail (31.8%), whereas the snout
exhibited the highest dropout rate of 46.0%. This reflected difficulties in
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Table 3
Keypoint tracking performance metrics’.

Keypoint Dropout, % Velocity, px/frame Jerk, px/frame®
Snout 46.0 18.83 0.000054
Head 18.5 24.25 0.000074
Left ear 28.8 23.57 0.000051
Right ear 329 23.33 0.000085
Body1l 18.3 24.34 0.000053
Body2 25.9 25.95 0.000048
Body3 31.6 24.94 0.000033
Body4 27.4 25.33 0.000083
Body5 29.0 21.21 0.000028
Tail 31.8 16.97 0.000054

! Dropout: proportion of frames in which a given keypoint is not detected
because its predicted confidence (likelihood) falls below a predefined threshold
(p_cutoff); Velocity: mean frame-to-frame displacement of the keypoint across
time, expressed in pixels per frame; Jerk: average magnitude of change in ve-
locity between consecutive frames (i.e., first derivative of velocity).

reliable localization due to occlusions, head orientation changes, and
limited frontal view representation in the training data. Nevertheless,
the snout remains a critical anatomical landmark for behavioural anal-
ysis because it is essential for capturing facial behaviour and tail-
directed interactions, despite the increased detection challenges.
While direct studies focusing on snout detection difficulties in pigs are
limited, several recent works highlight challenges in accurate facial
landmark localization in group-housed pigs due to occlusion and pose
variations (Jayachitra [4,1]). These findings suggest the need for
improved annotation strategies and model architectures tailored for pig
facial keypoints. Mean velocities varied from ~17 px/frame for the tail
and snout to ~26 px/frame for Body2 and Body4, aligning with ex-
pected locomotor dynamics at the given video resolution and frame rate.
The standard deviation of velocity was lowest for the snout and tail (7-8
px), suggesting relatively consistent motion when these points were
visible, whereas the elevated variability for Body2 and Body4 (10 px)
likely reflects tracking instabilities, such as abrupt keypoint displace-
ments, misdetections, or jitter, phenomena also observed in studies
using DeepLabCut and LEAP for animal pose tracking, particularly
during turning or fast movement sequences [5,16]. Jerk values were on
the order of 10~ px/frame® with minimal standard deviation, indicating
smooth motion trajectories in most instances, despite occasional out-
liers. These results collectively highlight both the strengths and limita-
tions of the current pose estimation model. Low dropout rates and stable
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motion patterns for keypoints like Bodyl, head, and ears demonstrate
the model’s strong ability to reliably track anatomically rigid and
visually distinct regions. Conversely, the high dropout rate for the snout
emphasizes the need for enhanced training diversity, including a greater
variety of frontal and oblique facial poses (e.g., by increasing the
number of cameras or placing cameras at different angles), and possibly
lowering the detection confidence threshold or employing targeted data
augmentation strategies to improve robustness.

The higher velocity variability observed for Body2 and Body4 further
suggests the utility of post-processing techniques, such as Savitz-
ky-Golay smoothing or Kalman filtering [17,18], to mitigate abrupt
coordinate fluctuations without compromising the fidelity of actual
motion. Although the tail demonstrated moderate dropout, its low jerk
and consistent velocity patterns indicate that, when detected, tail key-
points are tracked reliably. Strategic annotation of occluded tail frames
may further enhance detection frequency, especially given the behav-
ioural relevance of tail motion in swine studies [19]. In sum, while the
model performs effectively for core body landmarks, targeted im-
provements are warranted for enhanced tracking of facial and tail dy-
namics, which is critical for downstream behavioural analyses such as
the analysis of candidate tail-directed interactions.

3.4. Spatial behaviour analysis

Understanding the spatial distribution and locomotor patterns of
animals is fundamental in behavioural ethology, particularly within
intensive farming systems where welfare issues such as tail biting may
emerge due to environmental constraints, social stress, or lack of
enrichment. Longitudinal analysis of position data enables researchers
to identify preferential zones, recurrent locomotor patterns, and inac-
tivity, which serve as proxies for behavioural and welfare monitoring
[20,21].

Analysis of spatial behaviour based on 2D heatmaps (Fig. 7) revealed
pronounced asymmetries in pen occupancy. The left side of the region of
interest exhibited the highest concentration of occupancy, suggesting
repeated visits or prolonged occupancy in that area. This corresponds to
the area in proximity of the fixed straw baskets. In contrast, the central
and right regions of the region of interest showed more diffuse and
transient activity patterns, which may reflect exploratory behaviour or
avoidance of dominant individuals. These findings align with previous
observations of environmental and social drivers of asymmetrical space
use in pigs [22], highlighting the role of both physical and social
structures in shaping group movement and area preference. As reported
in Valros et al. [23], clustering of activity in specific zones may indicate
the presence of environmental stressors, resource competition, or
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elevated social tension. Additionally, in line with our results, occupancy
hotspots often align with enrichment zones, such as manipulable objects
or straw, feeding areas, or socially preferred locations where in-
teractions occur more frequently. Such clustering may reflect both
positive social interactions and potential welfare concerns, including tail
biting episodes or aggressive encounters [24].

Beyond descriptive insight, pose-based spatial tracking provides a
non-invasive, scalable method for monitoring group-housed animals. In
the context of video-based animal monitoring, heatmaps offer an
interpretable and compact representation of spatial behaviour over
time, serving as a bridge between raw pose estimation data and higher-
level behavioural analysis [15,17]. These visualizations can be used not
only to quantify space use but also as input features for downstream
applications, such as unsupervised clustering, behaviour classification,
or anomaly detection via convolutional neural networks [25]. For
instance, prior studies have integrated spatial occupancy metrics into
deep learning models to detect stereotypic behaviour, resting states, and
episodes of aggression across various species [26]. In this context, the
heatmaps generated in our study serve a dual role: first, as intuitive
visualizations of movement patterns and spatial preferences; and sec-
ond, as foundational data representations for the development of pre-
dictive models aimed at identifying welfare-relevant behaviours,
including resting, aggression, and stereotypies [26].

Recent advances in pig behaviour analysis have demonstrated that
spatial and temporal representations are highly effective for quantifying
complex interactions and behavioural rhythms. For example, Gan et al.
[27] developed a key point-based spatial and temporal feature extrac-
tion approach to automatically detect and analyse social behaviours
among preweaning piglets, showing that spatial distributions of key-
points can capture affiliative and aggressive interactions with high ac-
curacy. Similarly, Huang et al. [28] proposed a behaviour classification
and rhythm analysis framework based on wearable ear-tag sensors,
using time-amplitude and density plots to reveal feeding, movement,
and resting patterns in fattening pigs. These studies collectively support
the relevance of heatmap-based representations as interpretable tools
for visualizing behavioural organization and as informative inputs for
predictive modelling of welfare-related states in group-housed pigs.

To illustrate the potential of neural network-based pose estimation
for analysing spatial aspects of social interactions, particularly those
relevant for the future detection of tail-directed behaviours, we exam-
ined tail-snout proximity events. These events were defined as video
frames in which the snout of one pig was located within a specified
distance from the tail base of another pig. In accordance with the
methodological criteria described above, proximity events were calcu-
lated only from high-confidence detections and only between different
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Fig. 7. Frame of the pen (a) and corresponding 2D occupancy map (b) for all pigs in the zone of the pen captured by the video recordings.
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animal instances. Snout-tail pairs belonging to the same individual were
excluded, and frames with missing, low-confidence, or identity-
ambiguous detections were not used for this analysis.

Fig. 8a visualizes such interactions using a 50-px threshold, while
Fig. 8b applies a stricter 20-px threshold to isolate closer proximity
events. The 50-px threshold should be interpreted as a broader explor-
atory criterion for identifying possible spatial attention toward the tail
region, whereas the 20-px threshold represents a stricter criterion for
close-contact candidate events. In both cases, we observed spatial
clustering of tail-snout proximity events, particularly near pen bound-
aries and previously identified hotspots in the occupancy heatmaps
(Fig. 7). This spatial overlap suggests that candidate tail-directed prox-
imity events tend to co-occur in zones of elevated occupancy or repeated
spatial use, such as feeding areas, enrichment areas, or near structural
barriers.

Although these events do not constitute definitive evidence of tail
biting, they may serve as candidate indicators of social attention toward
the tail region. This distinction is important because spatial closeness
alone cannot determine motivation, contact type, or behavioural
outcome. A snout located near another animal’s tail may reflect
exploratory investigation, incidental co-location, feeding-related
crowding, avoidance behaviour, or genuine tail-directed interaction.
Therefore, tail-snout proximity should be interpreted as an exploratory
spatial indicator rather than as a validated behavioural classification of
tail biting.

Despite its utility, this proximity-based method has inherent limita-
tions. First, spatial closeness alone does not imply intentional interac-
tion; shared occupancy may result from pen design rather than social
preference. Second, the use of fixed pixel thresholds does not account for
individual body size variation, body orientation, or camera perspective
distortions. Additionally, pose estimation errors in group-housed set-
tings, especially during occlusion or close contact, can lead to false
positives, where proximity is erroneously inferred. To mitigate these
challenges, recent approaches have advocated for integrating temporal
pose trajectories and behaviour classification algorithms to better
differentiate between incidental proximity and deliberate social actions
[2,29-31]. Future work should therefore combine proximity-based in-
dicators with manually annotated behavioural events, temporal persis-
tence criteria, and possibly adaptive distance thresholds normalized by
body size or calibrated physical distance.

Nonetheless, proximity mapping remains a valuable first step in
identifying behaviourally salient spatial zones and candidate interaction
events that may warrant further manual validation. As part of a broader
pose-based monitoring pipeline, this approach may help prioritize video
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segments for review, identify spatial hotspots of social attention, and
provide input features for future supervised models targeting welfare
risks such as tail biting in intensive pig production.

3.5. Limitations of the study

While the present study provides a detailed and methodologically
rigorous evaluation of different keypoint configurations and neural
network architectures for pose estimation in pigs, several important
limitations must be acknowledged. Addressing these constraints is
crucial for translating pose estimation models into fully deployable and
behaviour-aware systems in practical farm settings.

Firstly, although the annotated dataset was expanded for the
keypoint-configuration comparison and a separate 1000-frame dataset
with repeated training and testing splits was used for the neural network
architecture comparison, the overall diversity of the annotated material
remains limited relative to the variability expected in commercial pig
production. The keypoint-configuration comparison was based on 500
annotated images, with 400 images used for training and 100 withheld
for testing, while the architecture comparison used 1000 annotated
frames and a repeated train-test evaluation strategy. These additions
strengthen the reliability of the comparisons compared with a very small
held-out test set. Nevertheless, both experimental stages were conducted
within the same farm environment, using the same group of animals and
the same camera perspective. Therefore, the range of postures, lighting
conditions, group compositions, and body orientations captured in the
annotated data may still remain constrained. This limitation is particu-
larly relevant in group-housed environments, where frequent occlu-
sions, overlaps, and complex interactions are prevalent. As shown in
recent work by Jeon et al. [32], pose estimation models trained on small
or homogeneous datasets are vulnerable to overfitting and may exhibit
reduced robustness under dynamic conditions. Their findings empha-
sized the value of larger, behaviourally diverse datasets, ideally anno-
tated under multiple conditions and across different animal cohorts, to
enhance generalization and reduce prediction drift in natural environ-
ments [32].

Secondly, the current study relied on a single overhead camera for
training and evaluation. While this setup is cost-effective and commonly
used in livestock applications, it introduces a limitation in spatial
perception, especially for tracking fine movements and occluded body
parts. Overhead-only views are often insufficient to capture certain be-
haviours, such as facial interactions or low-angle tail postures, particu-
larly during close group contact. This limitation is directly relevant to
the observed lower reliability of small or mobile landmarks such as the
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Fig. 8. Heatmaps of tail-snout proximity events, defined as video frames in which the snout of one pig was located within 50 px (a) or 20 px (b) distance from the tail

base of another pig.
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snout, ears, and tail-related points. Recent advances in pose estimation
have highlighted the benefits of using multi-view camera systems or
integrating depth sensors to resolve occlusions and obtain more com-
plete 3D representations of body dynamics. Tu et al. [1] demonstrated
that pose tracking from lateral camera angles yielded superior temporal
continuity and fewer dropped detections. Therefore, future work should
evaluate whether combining overhead and lateral views can improve
the reliability of behaviourally relevant landmarks, especially for
tail-directed interactions.

Thirdly, although visual spray markings supported individual
recognition during annotation and video inspection, the present pipeline
should not be interpreted as a fully automated long-term re-identifica-
tion system. Individual identity could be assigned when marking pat-
terns, body position, and spatial continuity were visually clear, but
ambiguous cases caused by overlap, occlusion, or poor visibility were
treated conservatively. This approach was appropriate for a controlled
research setting with a small group of marked pigs, but it is not sufficient
for large-scale commercial deployment where animals are typically
unmarked and where identity must be maintained continuously across
long recording periods. Future systems should therefore integrate pose
estimation with dedicated multi-animal tracking, re-identification al-
gorithms, RFID data, or other sensor-based identification methods to
improve identity consistency across occlusion events and longer time
scales.

Although the analysis of tail-snout proximity events provides a
valuable behavioural proxy, the pose estimation models were not
explicitly trained or validated on labelled tail-biting or aggressive be-
haviours. Consequently, the current system cannot directly classify
behavioural events but only highlight spatial and temporal conditions
under which such interactions may occur. This limitation is increasingly
being addressed in recent studies: Souza et al. [33] proposed a hybrid
CNN-transformer architecture that classifies pig aggressive behaviour
based on pose sequences and spatiotemporal features, showing prom-
ising results for multi-individual interaction detection. Similarly,
Hakansson and Jensen [2] advocated for combining pose-based features
with ethogram-driven annotation to train robust classifiers for tail-biting
prediction in group-housed pigs. In line with these recommendations,
future work should combine the present pose estimation pipeline with
manually annotated tail-biting events, temporal sequence modelling,
and supervised behaviour classification to distinguish incidental prox-
imity from true tail-directed biting or manipulation.

Spatial proximity analysis was performed using fixed pixel thresh-
olds (20 px and 50 px) to define interactions between body parts such as
tails and snouts. However, these thresholds do not take into account
inter-individual differences in body size, body orientation, or image
distortion caused by camera lens properties. This introduces potential
bias in proximity-based inference. A more robust approach would
involve normalizing distances based on estimated pig body length or
applying camera calibration parameters to correct for spatial distortion.
As recommended by Qi et al. [30], proximity-based behaviour estima-
tion should be complemented by adaptive thresholding and
perspective-aware modelling to minimize false positives arising from
apparent, but non-interactive co-location. Additionally, Tu et al. [1]
highlighted the benefits of trajectory-based disambiguation of social
proximity events, especially in large group dynamics where contact may
be incidental or non-behavioural in nature.

Another practical limitation concerns the use of spray markings for
individual pig identification. While this method is convenient and cost-
effective in controlled experimental settings, it is inherently temporary
and prone to degradation as the markings fade, smear, or become
obscured by dirt. This approach is therefore not feasible for long-term or
large-scale deployment in commercial farms, where continuous and
reliable identification is required. A more robust alternative involves
integrating pose estimation systems with automatic identification
through electronic ear tags or computer vision-based re-identification
modules. Recent advances in sensor fusion have demonstrated that
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combining visual tracking with RFID or ear-tag-embedded accelerome-
ters can enable persistent individual recognition and data continuity
across sessions [28]. Such integration would facilitate the development
of end-to-end systems capable of linking posture dynamics with indi-
vidualized behavioural profiles, thereby enhancing both traceability and
welfare monitoring under real farming conditions.

The configuration that provided the strongest overall pose-
estimation performance may not necessarily be optimal for every
downstream behavioural application. BODYS5P offered the best balance
of general localization accuracy, anatomical coverage, and robustness in
the present dataset, but tail-biting detection depends particularly on the
reliable localization of snout and tail-related landmarks. These land-
marks are more prone to occlusion, rapid movement, and ambiguous
visibility in group-housed pigs. Therefore, future behaviour-specific
pipelines should evaluate keypoint configurations not only using
global metrics such as RMSE, mAP, and mAR, but also using task-specific
metrics such as snout and tail localization error, dropout rates of
behaviourally relevant landmarks, and agreement with manually an-
notated tail-directed interactions.

These limitations underscore the importance of continued develop-
ment in annotated datasets, multi-view and multimodal sensing, auto-
mated identity tracking, behaviour-specific model training, adaptive
post-processing strategies, and practical edge-level deployment to
bridge the gap between experimental pose estimation pipelines and
robust, scalable solutions for farm-based animal welfare monitoring.

4. Conclusions

This study provides a comparative evaluation of different keypoint
configurations and neural network architectures for pose estimation in
the context of pig behaviour monitoring. The results showed that skel-
etal model design substantially affected pose estimation performance in
group-housed pigs. Among the evaluated configurations, BODY5P pro-
vided the best overall balance between localization accuracy, anatom-
ical coverage, and robustness, likely because dorsal body landmarks
were more consistently visible and less affected by occlusion. However,
the most accurate configuration for general pose estimation should not
automatically be considered optimal for all downstream behavioural
tasks, since tail-directed behaviours depend strongly on reliable snout
and tail localization.

The comparison of neural network architectures demonstrated that
deep learning models can be effectively applied to complex animal pose
estimation tasks with strong accuracy, even on modest hardware.
HRNet-W32 achieved the highest overall accuracy and the most stable
localization performance, whereas lightweight models such as DLCRNet
trained substantially faster and exhibited reliable generalization, rein-
forcing their potential for portable systems and automated on-farm
monitoring setups.

The temporal and spatial analyses showed that pose estimation
outputs can provide useful indicators of tracking reliability, space use,
and candidate social interactions. However, tail-snout proximity should
be interpreted as an exploratory spatial indicator rather than as a vali-
dated tail-biting detection system. Future work should focus on
expanding the diversity and volume of annotated training data,
improving video resolution and temporal sampling, integrating multi-
view cameras and automated identity tracking, and combining pose
estimation with manually annotated behavioural events to support
reliable detection of welfare-relevant behaviours in real-world agricul-
tural settings.
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