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Featured Application

This study provides a practical thermal imaging and deep learning framework for auto-
mated sow and piglet monitoring in commercial farrowing pens. The proposed approach
can support nighttime livestock surveillance, piglet safety monitoring, and precision live-
stock farming under real farm conditions with severe class imbalance and animal occlu-
sion.

Abstract

Monitoring sow and piglet behaviors during farrowing is important for reducing piglet
mortality and improving animal welfare in commercial swine production systems. How-
ever, accurate behavioral monitoring remains challenging because neonatal piglets are
small, frequently occluded by the sow, and difficult to detect under low-light conditions,
particularly for black-coated piglets during nighttime observation. In this study, thermal
imaging combined with RGB imaging from a conventional visible-light video camera and
deep learning-based object detection was applied for automated livestock monitoring un-
der practical farrowing conditions. The dataset contained diverse sow postures and pig-
let-related activities acquired in a commercial farrowing-house environment. In addition,
the dataset exhibited substantial class imbalance, with piglet-related behaviors represent-
ing only a small proportion of the total annotations. Three lightweight YOLO-based de-
tection models were evaluated for livestock monitoring performance under commercial
farm conditions. Results showed that lightweight detectors provided stable overall detec-
tion performance for general sow behavior monitoring, while anchor-free detection mod-
els demonstrated improved sensitivity for small piglet detection under highly imbalanced
conditions. The findings demonstrate the feasibility of thermal imaging for continuous
farrowing monitoring under variable lighting and occlusion conditions and highlight the
importance of evaluating detection systems based on their ability to identify small neona-
tal targets relevant to practical farm management. This study provides useful insights for
the development of automated precision livestock monitoring systems for commercial
farrowing operations.

Keywords: YOLO object detection; livestock behavior detection; small object recognition;
precision livestock farming
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1. Introduction

According to the Food and Agriculture Organization (FAO), livestock contributes
significantly to global food security but also faces challenges related to productivity, ani-
mal welfare, and labor shortages [1]. Precision Livestock Farming (PLF) has emerged as a
data-driven approach to the continuous monitoring of animals using sensing technologies
in conjunction with information systems and artificial intelligence [2,3]. Rapid population
growth has intensified the demand for sustainable and efficient livestock production sys-
tems. Recent bibliometric analyses have also demonstrated a rapidly increasing research
interest in PLF technologies and Al-based livestock monitoring systems worldwide [4].

An accurate indication of animal welfare requires the close monitoring of pig behav-
ior, particularly in farrowing environments [5], where maternal posture and piglet activity
are a direct indication of neonatal survival based on the risk of piglets being crushed.
Conventional monitoring relies heavily on manual observation by farm personnel, which
is labor-intensive, time-consuming, and prone to subjective interpretation [6].

Recent advances in computer vision and deep learning have enabled the use of image
and video data to automate the analysis of animal behavior [7,8]. Convolutional neural
networks (CNN5s) and object detection models have been applied to livestock monitoring
tasks, including cattle identification, analysis of poultry activity, and the recognition of
pig posture [9,10]. Continuous, non-invasive monitoring can alleviate the need for human
interventions and enhance the depth of data used to manage decision-making.

Most early livestock detection systems adopted anchor-based object detection frame-
works such as Faster R-CNN, SSD [11,12], and particularly YOLOv2, which provides a
practical balance between inference speed and detection accuracy [13]. Nevertheless, an-
chor-based detectors are sensitive to anchor box design and small-scale object overlap,
which is a common occurrence when neonatal piglets cluster around the sow.

Anchor-free object detection models have been shown to improve detection perfor-
mance under close-quarter conditions. The decoupled head design and advanced label
assignment strategy of YOLOX promote general object detection by reducing reliance on
predefined anchor boxes [14,15]. Nonetheless, this model has seldom been applied to ther-
mal-image monitoring of livestock.

Thermal imaging is highly robust under low-light conditions and nighttime opera-
tions [16]. Unlike RGB cameras, thermal devices provide stable contrast based on varia-
tions in temperature, when poor illumination precludes reliance on conventional imaging.
Previous studies have demonstrated the feasibility of thermal imaging for assessing the
health and posture of pigs [17,18]. This is among the first studies to integrate thermal im-
aging with lightweight, anchor-free object detectors for multi-class pig behavior recogni-
tion.

Severe class imbalance is another practical challenge in livestock detection. In far-
rowing environments, the primary focus is on sow posture, with relatively little attention
paid to critical neonatal interactions. This imbalance can have a profound effect on detec-
tor optimization and reduce minority-class recall, particularly when dealing with small
objects presenting indistinct object boundaries.

The objective of this study was to determine the suitability of different YOLO-based
object detectors for thermal-image-based livestock monitoring under practical farrowing-
house conditions. The objective of this study was to determine the suitability of different
YOLO-based object detectors for thermal-image-based livestock monitoring under prac-
tical farrowing-house conditions. Specifically, the performance of YOLOv2, YOLOv4-
Tiny, and YOLOX was compared for six predefined detection categories comprising four
sow postures (lying down, standing, sitting, and prone) and two piglet-related activity
categories (unsuckling and suckling). Model performance was evaluated using average
precision (AP), mean average precision (mAP), precision, recall, and class-wise sensitivity.
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The remainder of this paper is organized as follows: Section 2 describes the dataset
construction, preprocessing procedures, presents the model architectures and evaluation
methods. Section 3 reports the experimental results. Section 4 discusses the findings and
Section 5 concludes the study.

2. Materials and Methods

2.1. Dataset Acquisition and Annotation

The dataset used in this study was collected from a commercial farrowing house us-
ing a single fixed dual-spectrum (RGB-thermal) camera mounted above an individual pig
pen. Each farrowing pen was monitored individually, and the same camera was reposi-
tioned above each pen during the corresponding recording period. Thermal imaging was
adopted to enable continuous livestock monitoring under practical farming environ-
ments, including low-light and nighttime conditions where conventional RGB imaging
may exhibit reduced visibility, particularly for black-coated piglets. In addition to thermal
images, paired RGB images were simultaneously collected for comparison of imaging
characteristics under different illumination conditions.

This study used data from the Southern Branch of the Livestock Research Institute.
Each farrowing pen measured 221 cm x 196 cm, as shown in Figure 1. A Dahua DHI-TPC-
BF1241-T-S2 dual-spectrum camera (Dahua Technology Co., Ltd., Hangzhou, China) was
installed 389 cm above the floor to simultaneously acquire RGB and thermal infrared im-
ages. The RGB camera provided a field of view (FOV) of 71.2° x 52.0°, while the thermal
imaging camera provided an FOV of 50.7° x 37.8°. The resulting imaging area covered
approximately 388.57 cm x 190 cm. The flooring consisted of silver-colored stainless-steel
slatted panels commonly used in commercial farrowing systems.

Figure 1. Schematic diagram of livestock housing environment and pen dimensions.

The experimental animals consisted of two Landrace (L) sows and four Taiwan In-
digenous Black Pig sows. The two Landrace sows produced 10 and 7 piglets, respectively,
while the four Taiwan Indigenous Black Pig sows produced 6, 10, 6, and 5 piglets, result-
ing in a total of 44 piglets included in this study.

For each farrowing event, continuous image acquisition started 24 h before the birth
of the first piglet and continued until 24 h after complete placental expulsion. Therefore,
each sow was monitored continuously throughout the periparturient period using the
same camera configuration.

The farrowing house was a conventional open-sided facility without evaporative
cooling pads or enclosed environmental control systems, relying on natural ventilation
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and daylight. Average barn temperatures measured in May were 28.54 °C at noon and
25.56 °C at night.

Thermal observations indicated that the body surface temperatures of both sows and
piglets remained above 35 °C during both daytime and nighttime periods, generating a
clear thermal contrast against the surrounding environment and supporting reliable ani-
mal detection under varying illumination conditions.

The acquired dataset included multiple practical farm scenarios, such as different
sow postures, piglet activities, overlapping animals, partial occlusions, and varying ani-
mal densities during both daytime and nighttime periods. To establish the detection da-
taset, all thermal images were manually annotated using bounding boxes according to six
predefined behavioral categories. The annotation process was performed using image-
level labeling to identify the spatial locations of sows and piglets under realistic farm con-
ditions. Particular attention was given to small piglet targets and partially occluded ani-
mals to improve annotation consistency and detection robustness. After annotation, the
dataset was divided into training, validation, and testing subsets using a fixed image-level
partitioning strategy to ensure consistency across all experiments.

2.1.1. Thermal Imaging Data Acquisition

Thermal imaging was chosen to ensure robust data acquisition under variable illu-
mination conditions, including nighttime and low-light situations. Unlike RGB cameras,
thermal sensors provide consistent image quality, regardless of ambient lighting.

Figure 2 illustrates representative imaging conditions used during dataset acquisi-
tion. The dataset includes pairs of RGB and thermal images collected from white pigs and
black pigs under daytime and nighttime conditions. In the figure, the image on the left is

an RGB image, and the image on the right is the corresponding thermal image.

(b)

(d)

Figure 2. Representative pairs of RGB (left) with corresponding thermal images (right): (a) white

pig during daytime, (b) white pig during nighttime, (c) black pig during daytime, and (d) black pig

during nighttime.

During the daytime, RGB images generally provided clear visual information for
both white and black pigs; however, the quality of RGB images captured at night de-
pended strongly on coat color and contrast against the surrounding environment, such
that white pigs remained visible and black pigs were difficult to distinguish against the
dark background. Thus, we also employed thermal images, the contrast of which is based
on body temperature rather than visible light. The thermal images provided clear indica-
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tions of sow posture, piglet location, and sow—piglet interactions under low-light condi-
tions, regardless of coat color.

The resulting dataset differentiated coat color, lighting conditions, posture, and ani-
mal interactions, reflecting the conditions encountered in commercial livestock environ-
ments, which was invaluable in characterizing the performance of the detection models
outside controlled laboratory settings. The recorded images included overlapping animals,
partial occlusions, and groups of varying densities, all of which are common in real-world
farrowing pens. Note that all images were captured at a resolution of 640 x 512 pixels and
stored in standard formats compatible with deep learning workflows.

2.1.2. Behavior Categories

Based on established veterinary standards and previous livestock behavior studies,
six representative pig behaviors were selected as target classes [3,4]:
Sow-posture categories:
Lying down—a sow resting in a lateral or dorsal recumbent position.

Standing—a sow maintaining an upright posture supported by all four limbs.
Sitting —a sow resting on the hindquarters with the forelimbs extended.

LN =

Prone—a sow lying in a ventral position with the abdomen contacting the floor.

Piglet-related categories:

o1

Unsuckling —piglets present within the farrowing pen but not actively nursing.
6. Suckling—piglets actively nursing from the sow.

The sow-posture categories were selected because they represent the most frequently
observed postural states associated with animal welfare, health status, and maternal be-
havior in commercial farrowing systems. The piglet-related categories were included to
facilitate monitoring of neonatal activity and nursing behavior, which are important indi-
cators of piglet survival and growth performance.

Although the acquired thermal images contained diverse posture variations and pig-
let activities under practical farm conditions, the behavioral categories were intentionally
simplified into six representative classes. This simplification was adopted to ensure anno-
tation consistency, maintain sufficient sample numbers for each category, and facilitate
objective comparison among different object detection architectures. More detailed etho-
logical classifications and social interaction analyses were beyond the scope of the present
study and will be investigated in future work.

2.1.3. Annotation Procedure

Ground truth annotations were created using MATLAB's Image Labeler tool. All im-
ages were manually annotated using the Image Labeler application provided in MATLAB
R2024a (MathWorks Inc., Natick, MA, USA) to establish the ground-truth dataset required
for object detection model training. Each image was manually annotated by trained per-
sonnel with domain knowledge in animal behavior to ensure labeling accuracy and con-
sistency. Bounding boxes were drawn tightly around each pig instance, and correspond-
ing behavior labels were assigned according to the predefined categories.

To minimize annotation bias, ambiguous cases were cross-checked by multiple an-
notators with consensus-based corrections. Images with severe motion blurring or unrec-
ognizable behaviors were excluded from the dataset to preserve annotation quality.

All annotations were exported in MATLAB ground truth format (.mat), containing
image paths and bounding box information for each behavior class. This structured for-
mat facilitated seamless integration with the YOLO-based training and evaluation pipe-
lines.
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2.1.4. Dataset Split and Statistics

The annotated dataset was randomly divided into training (80%) and testing (20%)
subsets at the image level to avoid data leakage. Class distribution across both subsets
was preserved to ensure a fair and reliable evaluation of model performance.

Table 1 summarizes the number of annotated instances for each behavior category in
the dataset.

Table 1. Distribution of the six target categories used for thermal-image-based livestock behavior

detection.
Animal Group  Behavioral Category Images Behavior Class

Lying down 2631 2631

Sow Standing 244 244

Prone 41 41

Sitting 72 72
Piglets Unsuckling 1416 4539

Suckling 2528 14,583

Note that this dataset exhibited a class imbalance representative of livestock behavior
in the real world. This study opted not to artificially balance the dataset. We sought to
preserve the original distribution in order to evaluate model robustness under realistic
deployment conditions.

The dataset construction process followed recommendations reported in recent sur-
veys of computer-vision datasets for precision livestock farming, emphasizing annotation
consistency and reproducibility [19].

2.1.5. Dataset Availability and Reproducibility

The dataset was obtained under commercial farrowing-house conditions and is not
publicly available due to farm privacy and management restrictions. However, the anno-
tation protocol, behavioral category definitions, dataset partitioning strategy, and evalu-
ation procedures are fully described in this study to facilitate experimental reproducibility.
The standardized annotation workflow also supports future dataset expansion and cross-
study comparisons in livestock monitoring applications.

2.2. Deep Learning-Based Detection Framework

Three representative one-stage object detection models, namely YOLOv2, YOLOv4-
Tiny, and YOLOX, were employed in this study to evaluate livestock behavior detection
performance under practical farrowing conditions. These models were selected because
they represent different object detection strategies and computational complexities com-
monly used in real-time monitoring applications.

YOLOV2 was included as a conventional anchor-based detector with stable detection
capability and a relatively simple architecture. YOLOv4-Tiny was selected as a light-
weight version of YOLOv4 designed for fast inference and real-time deployment in re-
source-limited environments. YOLOX was adopted as an anchor-free detector to evaluate
its effectiveness in detecting small piglet targets under severe class imbalance and partial
occlusion conditions.

All models were trained using the same annotated dataset and identical training—
validation—testing partitions to ensure fair comparison among architectures. During train-
ing, the models learned to predict object locations and behavior classes directly from ther-
mal images. Model performance was subsequently evaluated using standard object de-
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tection metrics, including precision, recall, average precision (AP), mean average preci-
sion (mAP), and confusion matrix analysis.

2.2.1. Overall Framework

Thermal images acquired from pig pens were manually annotated according to the
six predefined target categories. The annotated dataset was subsequently divided into
training, validation, and test subsets. YOLOv2, YOLOv4-Tiny, and YOLOX were inde-
pendently trained using the same data partitions.

Following model training, object detection performance was assessed using average
precision (AP), mean average precision (mAP), precision, recall, confusion matrices, and
small-object sensitivity analysis.

2.2.2. YOLO-Based Object Detection Architectures

Three representative one-stage object detection models, namely YOLOv2, YOLOv4-
Tiny, and YOLOX, were employed in this study to evaluate livestock behavior detection
performance under practical farrowing conditions. These models were selected because
they represent different design strategies for real-time object detection and provide vary-
ing balances between computational efficiency and small-object detection capability.

YOLOV2 is a conventional anchor-based detector that formulates object detection as
a unified regression problem by simultaneously predicting object locations and class prob-
abilities from grid-based image regions. In this study, the network was fine-tuned using
thermal livestock images to detect sow postures and piglet-related behaviors under com-
plex farm conditions. Multiple anchor scales were configured to accommodate the sub-
stantial size differences between adult sows and neonatal piglets.

YOLOV4-Tiny is a lightweight version of the YOLOv4 framework designed for effi-
cient real-time inference. The model incorporates Cross-Stage Partial (CSP) connections
and multi-scale feature extraction mechanisms to improve feature reuse and computa-
tional efficiency. Due to its lightweight architecture, YOLOv4-Tiny is suitable for edge-
based or embedded livestock monitoring systems where computational resources may be
limited.

YOLOX is an anchor-free object detector that predicts object centers directly without
predefined anchor boxes. The architecture employs decoupled classification and localiza-
tion branches together with multi-scale feature fusion to improve the representation of
small objects. This design is advantageous for detecting neonatal piglets because piglets
frequently appear as small, sparse, and partially occluded targets in farrowing environ-
ments.

2.2.3. Model Training Strategy

All detection models were trained using GPU acceleration under identical dataset
partitioning conditions to ensure fair comparison among architectures.

For YOLOV?2 training, stochastic gradient descent with momentum (SGDM) was em-
ployed together with transfer learning from pre-trained backbone weights. The training
configuration included an input image size of 448 x 448 pixels, a mini-batch size of 32, an
initial learning rate of 0.003, and 600 training epochs. Training samples were randomly
shuffled at each epoch to reduce overfitting and improve model generalization.

YOLOV4-Tiny was trained using transfer learning and GPU-based optimization with
automatic image resizing and augmentation procedures. A mini-batch size of 8 and 80
training epochs were used. Due to the use of pre-trained feature representations and a
lightweight architecture, YOLOv4-Tiny demonstrated faster convergence compared with
YOLOV2.
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YOLOX training was performed within an anchor-free detection framework using
separate classification and localization optimization branches. Multi-scale feature fusion
and automatic label assignment strategies were adopted to improve small-object learning
performance. During training, intermediate checkpoint models were periodically saved
for monitoring model convergence and minimizing overfitting risk.

All model development, training, and evaluation procedures were implemented in
MATLAB R2024a using the Deep Learning Toolbox and Computer Vision Toolbox (Math-
Works Inc., Natick, MA, USA). The YOLOvV2, YOLOv4-Tiny, and YOLOX object detection
architectures were trained under identical dataset partitions and training conditions to
ensure a fair comparison.

Training and inference were performed on a workstation equipped with an NVIDIA
GeForce RTX 5080 Laptop GPU (NVIDIA Corporation, Santa Clara, CA, USA) using GPU
acceleration to improve computational efficiency.

3. Results

3.1. Overall Detection Performance

The primary objective of this study was to compare the detection performance of
YOLOV2, YOLOv4-Tiny, and YOLOX for thermal-image-based monitoring of sow and
piglet behaviors under practical livestock production conditions. Therefore, the results
first focus on the overall detection accuracy of each model, followed by analyses of class
imbalance effects and small-object sensitivity.

Table 2 summarizes the overall detection performance of the three models. YOLOv4-
Tiny achieved the highest mAP of 0.8767 with a precision of 0.88 and a recall of 0.86, indi-
cating a good balance of localization accuracy and detection completeness across the six
behavioral categories. YOLOX achieved a moderate mAP of 0.7772 with the highest pre-
cision of 0.9335, indicating fewer false-positive detections. Limited recall of 0.4536 sug-
gested the incomplete retrieval of minority-class targets under highly imbalanced data
conditions. YOLOV2 returned the lowest mAP of 0.4760 and the lowest recall of 0.2524,
despite high precision. These results indicate the efficacy of lightweight anchor-based de-
tection for livestock behavior monitoring under strong dataset imbalance.

Table 2. Overall performance of three detection models.

Model mAP Precision Recall
Yolo v2 0.4760 0.9401 0.2524
Yolo v4-Tiny 0.8767 0.8800 0.8600
Yolo x 0.7772 0.9335 0.4536

3.2. Dataset Distribution and Class Imbalance

As shown in Table 3, the dataset used in this study exhibited substantial class imbal-
ance. Based on the dataset split used for model training and evaluation, the prone class
was the dominant category, with 14,583 annotated instances, accounting for 65.69% of the
total dataset. This is followed by lying down with 4539 instances (20.53%) and sitting with
2630 instances (11.90%).

Minority classes were severely underrepresented, with only 244 annotated instances
of standing (1.10%), 41 instances of piglets (0.19%), and 72 instances of suckling (0.33%).
Imbalances of this severity pose serious challenges for detector optimization, as dominant
postural classes contribute disproportionately to model learning, with minority classes
contributing very little.

The ground-truth distribution revealed that some minority classes appeared in rela-
tively few images. However, these classes are important because they often occur in criti-
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cal situations when the piglets are in close proximity to the sow, with body overlap, close
contact, and partial occlusion making detection more difficult, particularly in thermal im-
ages.

Table 3. Dataset composition.

Class Train Validation Test Total  Percentage (%)
Sitting 1834 395 401 2630 11.90
Lying_down 3271 644 624 4539 20.53
Piglets 20 10 11 41 0.19
Suckling 53 10 9 72 0.33
Standing 182 33 29 244 1.10
Prone 10,118 2188 2277 14,583 65.96

This imbalance is particularly important for small-object detection. Piglets occupy
only a small part of the image and are often surrounded or partly hidden by larger body
structures. Detection performance for the piglet and sucking classes is an important indica-
tor of the reliability of the model under practical livestock monitoring conditions.

3.3. Small Object Sensitivity Analysis

A small-object sensitivity analysis was conducted for piglets and suckling classes.

The AP values for sparse neonatal target detection (piglets) were as follows: YOLOX
(0.90), YOLOv4-Tiny (0.84), and YOLOv2 (0.24), as shown in Figure 3. This suggests that
the anchor-free detection mechanism improves localization flexibility for sparse targets.

Small Object Sensitivity (Average Precision, AP)

E un-suckling
0.90 ™ Suckiing
0.86 0.87

Average Precision (AP)
e o © o o @
N w - o o ~

o

0.0

YOLOVA4-Tiny
YOLO-based Models

Figure 3. Comparison of YOLOv2, YOLOv4-Tiny, and YOLOX detectors in terms of average preci-
sion (AP) for small-object classes (unsuckling (blue bar) and suckling (orange bar)).

The AP values for sucking were as follows: YOLOv4-Tiny (0.86), YOLOX (0.875), and
YOLOV2 (0.83). These results indicate that lightweight anchor-based architectures are
more effective for close-contact interactions.

3.4. Result Summary

In experiments, YOLOv4-Tiny achieved the best overall detection performance,
whereas YOLOX performed better in detecting small objects (e.g., piglets) under highly
imbalanced conditions. These results suggest that lightweight anchor-based detectors are
suitable for general livestock monitoring, while anchor-free detectors may be useful when
the target objects are small, sparse, or unevenly represented in the dataset.
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Overall, the results indicate that YOLOv4-Tiny achieved the best balance between
precision, recall, and mAP, making it the most suitable detector for general thermal-im-
age-based livestock behavior monitoring. In contrast, YOLOX demonstrated superior sen-
sitivity for small-object detection, particularly for piglets, thereby partially fulfilling the
study objective of identifying suitable detectors for different livestock monitoring scenar-
ios.

4. Discussion

Dataset analysis revealed a severe imbalance in our annotation structure, with 14,583
instances for the prone posture (65.96% of all bounding boxes) and only 41 instances for
piglets and 72 instances for suckling. An imbalance of this magnitude makes it difficult
for the model to learn the minority classes effectively.

The high overall mAP of YOLOv4-Tiny (0.8767) demonstrates the effectiveness of
lightweight anchor-based feature aggregation. The high precision of YOLOv2 (0.9401)
with low recall (0.2524) indicates conservative detection with limited generalizability
across minority classes.

The low overall mAP of YOLOX (0.7772) with high precision (0.9335) indicates high
sensitivity for small-object detection. In piglet detection, the AP of YOLOX was 0.90, while
the AP of YOLOvV2 was only 0.24. This indicates that anchor-free prediction improves lo-
calization for sparse targets with significant variance in scale and position.

The low recall of YOLOX (0.4536) indicates that rare classes suffer from incomplete
detection under severe imbalance, due perhaps to the limited availability of positive sam-
ples for minority categories, such as piglets and suckling, which together accounted for
less than 1% of the entire dataset. These findings point to the need for data augmentation,
focal loss adjustment, or resampling strategies to improve recall stability.

The selection of detectors for livestock monitoring depends on both global mAP and
class-specific robustness, particularly in situations requiring the close monitoring of small
animals.

The novelty of this study lies in the systematic comparison of YOLOv2, YOLOv4-
Tiny, and YOLOX using thermal images collected under practical farrowing-house con-
ditions. Unlike many previous livestock-monitoring studies that relied primarily on RGB
imagery or balanced experimental datasets, the present study evaluated detector perfor-
mance under severe class imbalance and realistic production environments. The results
provide practical evidence regarding the strengths and limitations of both anchor-based
and anchor-free detection frameworks for precision livestock monitoring.

The findings are consistent with previous studies reporting that YOLOv4-based ar-
chitectures provide strong overall detection performance in agricultural and livestock ap-
plications due to efficient multi-scale feature aggregation [20]. In contrast, the superior
piglet-detection performance observed in YOLOX suggests that anchor-free detectors
may offer advantages when detecting sparse or small targets exhibiting large variations
in position and scale. This trend has also been reported in recent object-detection studies
involving small-object recognition tasks.

From a practical perspective, the results suggest that YOLOv4-Tiny is suitable for
routine behavioral monitoring in commercial farrowing facilities, where robust overall
performance and computational efficiency are important. Conversely, YOLOX may be
more appropriate for applications focusing on neonatal piglet monitoring, particularly
when early detection of vulnerable piglets is required. Such information can support the
development of intelligent livestock-monitoring systems capable of assisting farm man-
agers in improving animal welfare and reducing production losses.

A limitation of this study is that the behavioral complexity observed in commercial
farrowing environments was represented using a limited number of broad behavioral cat-
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egories. Although the collected thermal images contained diverse posture variations and
piglet-related activities, the behaviors were simplified into six representative classes to
ensure annotation consistency and maintain sufficient sample numbers for model training
and evaluation. While this approach facilitated an objective comparison among different
object detection architectures, it may reduce sensitivity to subtle behavioral differences
and social interactions among animals. Consequently, the interpretability of animal be-
havioral dynamics may be limited compared with more detailed ethological analyses. Fu-
ture studies should investigate finer behavioral classifications to support more compre-
hensive welfare assessment and precision livestock monitoring.

5. Conclusions

This study compared YOLOv2, YOLOv4-Tiny, and YOLOX in the detection of live-
stock farrowing behavior using thermal images under a highly imbalanced dataset. In ex-
periments, YOLOv4-Tiny achieved the best overall detection accuracy, while YOLOX
demonstrated superior performance for piglet detection.

The strong class imbalance in the dataset reduced recall for minority classes and
showed the difficulty of detecting less frequent behaviors under real farm conditions. Alt-
hough the anchor-free detector did not achieve the highest overall mAP, it performed bet-
ter for sparse neonatal targets. This suggests that anchor-free detection may be useful
when the main task is to detect small piglets rather than larger or more frequent posture
classes.

In addition, practical observations indicated that nighttime monitoring using RGB
images was more challenging for dark-coated sows and piglets, particularly Taiwan In-
digenous Black Pigs, due to reduced image contrast and lower visibility under low-light
conditions. Although white-coated Landrace sows and piglets were less affected by
nighttime illumination, image quality and target distinguishability still decreased com-
pared with daytime conditions. In contrast, thermal imaging maintained stable target vis-
ibility regardless of coat color or ambient lighting, demonstrating its potential as a reliable
sensing modality for continuous livestock monitoring in commercial production environ-
ments.

Future work will focus on improving the detection of minority classes through train-
ing methods that account for class imbalance. Further analysis of thermal images may also
help estimate piglet distribution and movement patterns in real production environments.
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