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ABSTRACT

Accurate detection of multiple behaviors in group-housed pigs was important for precision livestock farming
and intelligent farm management. This study proposed RAFE-DETR, an improved detector based on RT-DETR,
for recognizing standing, lying, feeding, drinking, and fighting in overhead surveillance images. RFAConv was
embedded into RepViT blocks to construct the RFA-RepViT backbone for stronger local feature extraction.
The original intra-scale interaction module was replaced with BiFormer to improve contextual modeling. The
neck was redesigned with ASF-CSA to enhance adaptive multi-scale fusion, and Focaler-Shape-loU was
introduced to refine box regression. Experiments were conducted on a five-class dataset reconstructed from
public surveillance videos. The proposed model achieved 93.9% precision, 92.7% recall, and 94.2% mean
average precision at an intersection-over-union threshold of 0.5. Compared with RT-DETR-L, these values
increased by 1.4, 2.8, and 3.0 percentage points, respectively. At the same time, the number of parameters
decreased from 32.0 M to 21.9 M, and GFLOPs decreased from 103.5 to 77.0. Supplementary experiments
on a second public dataset supported the robustness of the method. Deployment on Jetson Orin NX Super
reached 13.8 and 19.1 frames per second under PyTorch and TensorRT, respectively, indicating good edge-
deployment potential.
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INTRODUCTION

In group-housed pig production, behaviors such as standing, lying, feeding, drinking, and fighting
provide important information for health assessment, welfare evaluation, and routine farm management
(Berckmans, 2014). Accurate and continuous monitoring of these behaviors has therefore become an
important component of precision livestock farming. In commercial farms, however, behavior assessment still
relies largely on manual observation and offline video review, which are labor-intensive, subjective, and difficult
to maintain at scale (Xu et al., 2025). Wearable sensing tools have also been explored, but their practical use
is still constrained by hardware cost, wearing comfort, and maintenance requirements (Pandey et al., 2021).
By contrast, camera-based computer vision provides a non-contact and scalable solution, and has become an
important technical route for intelligent animal farming (Wurtz et al., 2019; Bao and Xie, 2022).
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Early studies on pig behavior recognition mainly relied on traditional image processing and machine-
learning pipelines. Image segmentation, contour extraction, and handcrafted geometric or morphological
descriptors were used to represent posture features, and conventional classifiers were then applied for
recognition. Nasirahmadi et al. (2019) used image processing and support vector machines to score lying
postures in grouped pigs. Bonneau et al. (2021) compared convolutional neural networks with segmentation
combined with support vector machines for sow posture prediction from video images. Xu et al. (2022) further
introduced depth images and a convolutional neural network—support vector machine framework for grouped-
pig posture scoring. Although these methods improved automatic posture analysis to some extent, their
performance remained strongly affected by image quality, foreground extraction, and body contour integrity,
which limited their robustness in routine multi-behavior monitoring.

With the development of deep learning, pig behavior analysis gradually shifted toward visual detection
frameworks. Two-stage detectors represented by Faster R-CNN usually favor detection accuracy, whereas
one-stage detectors represented by YOLO provide higher inference speed (Ren et al., 2017; Redmon et al.,
2016). Recent reviews have shown that camera-based deep learning has become one of the main technical
routes in precision pig farming and pig behavior analysis (Arulmozhi et al., 2021; Xu et al., 2025). Compared
with traditional methods, these detectors reduce dependence on explicit contour extraction and improve
feature learning directly from images. Even so, YOLO-style detectors still rely on non-maximum suppression,
which may suppress valid predictions when pigs are distributed closely in the same pen.

End-to-end detectors provide another option for this task. DETR formulates object detection as a set
prediction problem and reduces dependence on hand-crafted post-processing. RT-DETR further improves
practical efficiency through a hybrid encoder and a query selection strategy, which makes Transformer-based
detection more suitable for agricultural vision tasks (Zhao et al., 2024). In pig-related applications, Shi et al.
(2024) developed an improved RT-DETR model for pig behavior detection, and Guo et al. (2025) further
enhanced RT-DETR for abnormal behavior recognition in group-housed pigs. These studies confirmed the
value of RT-DETR in pig-house scenes. However, five-class behavior detection still required further
improvement when feature representation, fusion quality, localization accuracy, and model complexity were
considered together.

To address this issue, this study proposes RAFE-DETR, an improved RT-DETR framework for detecting
standing, lying, feeding, drinking, and fighting in group-housed pigs. Compared with previous RT-DETR-based
studies on pig behavior analysis, the specific novelty of RAFE-DETR lies in its coordinated adaptation of RT-
DETR to complex pig-house scenes. Specifically, RFA-RepViT is constructed by embedding RFAConv into
RepViT for lightweight local representation; BiFormer replaces the original AIFI module to improve intra-scale
feature interaction; ASF-CSA is designed to refine adaptive multi-scale fusion with channel-spatial attention;
and Focaler-Shape-loU is integrated to stabilize box regression under posture variation and occlusion. A five-
class dataset reconstructed from public surveillance videos released by Bergamini et al. (2021) was used for
training and evaluation. A second public dataset was added for supplementary validation. Comparative
experiments, ablation analysis, and edge deployment tests were conducted to assess the effectiveness and
practical feasibility of the proposed method.

MATERIALS AND METHODS

Public Video Sources and Dataset Construction

This study used publicly available pig-behavior surveillance videos rather than an existing pre-annotated
image dataset. Two overhead-view public video sources were used. The primary source was released by
Bergamini et al. (2021) and recorded pigs, feeders, and drinkers in a group-housed pen. A second public pig-
behavior video source reported by Ji et al. (2023) was further introduced for supplementary evaluation under
related but different pen conditions. Both sources were recorded from overhead viewpoints and were suitable
for multi-behavior detection in grouped pigs.

Five behavior categories were defined in this study: standing, lying, feeding, drinking, and fighting. For
clips containing fighting behavior, a frame-difference strategy was used to screen candidate frames with
obvious motion variation, so that attack-related samples could be extracted more efficiently. For clips without
fighting behavior, frames were sampled at 5 s intervals to reduce redundancy among adjacent images and to
avoid excessive repetition during training. After frame extraction, all images were manually checked, and
blurred, hazy, or highly repetitive frames were removed. As a result, 3200 original images were retained for
annotation. Bounding boxes were then labeled in Labellmg, and each box tightly enclosed the corresponding
behavior instance.
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The dataset was divided into training, validation, and test subsets at a ratio of 8:1:1 at the clip level. Data
augmentation was applied only to the training subset. After augmentation, the primary dataset contained 5760
images. Representative raw surveillance frames from the two public video sources, before data augmentation,
are shown in Figure 1.

(d) (e)
Fig. 1 - Representative raw surveillance frames from the two public video sources used in this study:
(a)—(c) primary public source; (d)—(f) second public source

An additional dataset was then constructed from the second public video source using the same
behavior categories and annotation protocol. About 600 representative images were selected and manually
labeled. The dataset was also divided into training, validation, and test subsets at a ratio of 8:1:1 at the clip
level, and data augmentation was applied only to the training subset. After augmentation, the second dataset
contained about 1800 images. In this study, the second dataset was used for supplementary near-domain
validation rather than strict cross-domain evaluation. Following data augmentation, this study further analyzed
the class distribution of the annotated behavior instances. As shown in Table 1, the primary dataset comprises
45,414 annotated behavior instances derived from 5,760 images, while the supplementary dataset contains
14,190 annotated behavior instances derived from 1,800 images.

Table 1
Pig behavior annotation data after augmentation

Behavior Primary dataset Supplementary dataset
Standing 12,262 4,115

Lying 11,808 3,406
Feeding 9,083 2,554
Drinking 5,450 1,561
Fighting 6,811 2,554

Note: The values indicate labeled behavior instances rather than image numbers. For standing, lying, feeding, and drinking, each visible
pig was annotated with one behavior label. For fighting, one interaction box was used to annotate the two pigs involved in the fighting
behavior. Data augmentation was applied only to the training subset, while the validation and test subsets were kept unchanged.

Standing and lying accounted for a large proportion of the annotations because these behaviors usually
last longer in group-housed pig scenes. Feeding, drinking, and fighting had fewer natural occurrences in
continuous surveillance videos, but sufficient samples were retained through targeted frame selection and
training-set augmentation. This distribution helped reduce excessive class imbalance while preserving the
main behavioral characteristics of group-housed pigs. Examples of the augmentation strategies applied to the
training images from the two public datasets are shown in Figure 2.
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Fig. 2 - Examples of data augmentation applied to the training images from the two public datasets:
(a) and (d) vertical flip; (b) and (e) color jitter; (c) and (f) random rotation
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Proposed RAFE-DETR Algorithm

RT-DETR, proposed by Zhao et al. (2024), is an end-to-end object detector built on a hybrid CNN-
Transformer framework. It mainly consists of a backbone, a hybrid encoder, a Transformer decoder, and a
prediction head. RT-DETR direct application to multi-behavior recognition in group-housed pigs remains
limited. In overhead pig-pen images, several pigs often appear in close proximity, and behavior discrimination
depends strongly on subtle structural cues, such as head position, trunk posture, and inter-pig contact regions.
These cues may be weakened during feature extraction and fusion, which reduces the stability of behavior
classification and localization.

To improve five-behavior detection in this setting, an enhanced model named RAFE-DETR was
developed on the RT-DETR architecture, and its overall structure is shown in Figure 3. The proposed
framework refines the detector at four key stages. First, the original backbone is redesigned as RFA-RepViT
to strengthen early feature extraction and preserve fine-grained behavior-related responses. Second, the
original AIFI module in the hybrid encoder is replaced with BiFormer to improve selective intra-scale contextual
interaction. Third, the neck is reconstructed as ASF-CSA to enhance adaptive multi-scale fusion and
strengthen discriminative feature aggregation across adjacent targets. Finally, Focaler-Shape-loU is
introduced as the regression loss to improve bounding-box localization quality. These modifications are not
independent replacements, but coordinated adjustments to feature representation, context modeling, feature
fusion, and regression supervision. As a result, RAFE-DETR provides a more suitable detection framework for
group-housed pig multi-behavior recognition in overhead surveillance images.
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Fig. 3 — Overall architecture of RAFE-DETR

RFA-RepViT Backbone

RepViT is a lightweight backbone that combines efficient convolutional design with transformer-inspired
architectural organization, and has shown strong representation capability in visual recognition tasks (Wang
etal., 2024). In this study, RepViT was not directly adopted as a finished replacement for the original backbone.
Instead, it was used as the structural basis for further redesign. RFAConv was embedded into selected RepViT
blocks to construct the RFA-RepViT backbone (Zhang et al., 2026), as illustrated in Figures 4 and 5. This
modification extends the original local convolutional modeling of RepViT by introducing receptive-field attention
and multi-branch feature extraction.

For an input feature map, the output of the receptive-field attention fusion can be expressed as:

N N

Xg =Z o; Bi(X), Z o; =1 (1)

i=1 i=0

where B;(X) denotes the feature response extracted by the i-th receptive-field branch; «a; denotes the
adaptive fusion weight assigned to that branch, and X,, denotes the fused output feature. This design enables
the backbone to preserve finer structural responses from head position, trunk posture, and inter-pig contact
regions, which are critical for behavior discrimination in overhead pig-pen images. Compared with the original
backbone, RFA-RepViT provides a more discriminative early-stage feature representation without causing a
substantial increase in model complexity.
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backbone architecture

BiFormer for Intra-Scale Feature Interaction
In the original RT-DETR, the Attention-based Intra-scale Feature Interaction (AIFI) module is used to

exchange contextual information within the same scale. In this study, AlFI is replaced with BiFormer in the
hybrid encoder (Zhu et al., 2023), and the corresponding routing attention mechanism is illustrated in Figure
6. This replacement changes the mechanism of same-scale contextual modeling. Instead of performing
uniformly dense interaction over the full feature map, BiFormer introduces Bi-Level Routing Attention, which
first identifies relevant coarse regions and then applies fine-grained attention only to the most informative
neighboring areas. This design reduces weakly related interactions and makes intra-scale aggregation more
selective.

In overhead pig-pen images, the response of one pig is often influenced by adjacent pigs, feeders,
drinkers, floor texture, and pen boundaries. This effect becomes stronger when pigs are in close contact or
partially overlap. Under such conditions, behavior recognition depends not only on local appearance, but also
on context from spatially related regions. The role of BiFormer lies in retaining relevant context while
suppressing unrelated responses. Compared with the original AlFI-based interaction, the modified encoder
provides more discriminative same-scale features for dense group scenes and offers a more reliable feature
basis for the subsequent fusion and prediction stages.
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Fig. 6 — Schematic of BRA in BiFormer

ASF-CSA for Cross-Scale Feature Fusion

In the original RT-DETR, the neck is responsible for cross-scale feature transmission, but its fusion
process remains relatively fixed when features from different levels are combined. In this study, the original
neck was redesigned as ASF-CSA, and the corresponding structures are shown in Figures 7 and 8.
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Fig. 7 — Architecture of the proposed ASF-CSA neck Fig. 8 — CSA module structure

The ASF stage performs adaptive integration of features from different scales. The CSA stage then
refines the fused representation through channel and spatial reweighting. The adaptive fusion process in ASF
can be written as:

L L
Fous= Z w; ¢,(F)), z ;=1 (2)
=1 =0

where F; denotes the input feature at scale level /, ¢, denotes the corresponding alignment or transformation
operation; ; denotes the adaptive fusion weight, and F,,, denotes the fused multi-scale feature.

In overhead pig-pen images, behavior cues are often distributed across different feature levels. Whole-
body posture is usually reflected in higher-level semantics, whereas head orientation, neck extension, and
inter-pig contact regions depend more strongly on lower-level detail. When adjacent pigs are close to each
other, these cues may also appear in intertwined body regions. ASF-CSA was designed for this condition. Its
role is to improve cross-scale continuity and to strengthen behavior-related responses after fusion, rather than
relying on a fixed aggregation pathway. Compared with the original neck, the modified design provides more
discriminative multi-scale representations for dense group scenes and supports more stable behavior
prediction in the subsequent decoder.

Focaler-Shape-loU Loss

In the original RT-DETR, bounding-box regression mainly depends on overlap-based supervision, which
is effective for general object localization but less stable when target geometry varies markedly. In this study,
the regression loss is replaced with Focaler-Shape-loU, and its principle is illustrated in Figure 9. This
modification shifts the emphasis of regression supervision. Focaler-loU introduces a quality-aware calibration
mechanism (Zhang and Zhang, 2024), whereas Shape-loU adds explicit geometric constraints related to box
shape and scale (Zhang and Zhang, 2023). Their combination makes the regression process responsive not
only to overlap quality, but also to the structural consistency of the predicted box.
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Fig. 9 — Diagram illustrating the Focaler-Shape-loU principle
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The final regression objective is expressed as:

LFocaler-Shape-loU =1- 10Uf+ dshape + /1Sshape (3)

where JoU, denotes the calibrated overlap term, d,,, denotes the distance penalty associated with center
and geometry mismatch, S, denotes the shape-consistency term, and 1 is the balancing coefficient. In
overhead pig-pen images, the geometry of behavior instances changes frequently with posture variation, body
contact, and partial visibility. Under such conditions, a box with acceptable overlap may still show noticeable
deviation in center position, width—height proportion, or overall shape. Focaler-Shape-loU provides more
stable regression supervision at the prediction stage and improves localization quality in dense group scenes.

Model Performance Evaluation

During the experiment, all models were trained using the same set of parameters. The input size was
fixed at 640 x 640 pixels, and all models were trained for 300 epochs with a batch size of 16 using identical
training, validation, and test splits. AdamW was used as the optimizer, with an initial learning rate of 0.001, a
momentum of 0.937, and a weight decay of 0.0001. The same training-set augmentation strategy, including
vertical flip, color jitter, and random rotation, was applied to all models, while the validation and test sets were
kept unchanged. The same learning-rate schedule was used for all models.

To comprehensively evaluate the detection performance of the proposed RAFE-DETR model, Precision
(P), Recall (R), average precision at an loU threshold of 0.5 (AP@0.5), and mean average precision at an loU
threshold of 0.5 (MAP@0.5) were used as accuracy metrics. In addition, parameter count and GFLOPs were
reported to evaluate model complexity.

The metrics are defined as follows:

P=——— x 100° 4
TP+ Fp < 1007 )
R=——— % 100°
TP+ Fy < 100% O
-1 AP;
mAP = == X 100% (6)

where: TP is the number of true positives; FP is the number of false positives; FN is the number of false
negatives; n is the number of classes.

RESULTS

RT-DETR Baselines and Settings

To identify a suitable baseline for subsequent improvement, five RT-DETR models with different scales
were compared under the same training and evaluation conditions. The results are listed in Table 2.

Table 2
Results of different RT-DETR models
Model Backbone P% R% mAP@0.5/% Params/M FLOPs/G

RT-DETR-R18 ResNet-18 90.7 89.1 89.9 19.9 57.2
RT-DETR-R50 ResNet-50 914 89.9 89.7 41.9 136
RT-DETR-R101 ResNet-101 92.2 89.0 89.8 76.4 259

RT-DETR-L HGNetv2-L 925 89.9 91.2 32.0 103.5

RT-DETR-X HGNetv2-X 92.1 893 89.4 65.5 234

RT-DETR-R18 showed the lowest complexity, with 19.9 M parameters and 57.2 GFLOPs, but its
precision, recall, and mAP@0.5 were only 90.7%, 89.1%, and 89.9%, respectively. RT-DETR-R50 increased
precision and recall to 91.4% and 89.9%, but its mMAP@0.5 remained at 89.7% and its complexity rose to 41.9
M parameters and 136 GFLOPs. RT-DETR-R101 and RT-DETR-X further increased model size, yet neither
produced a clear gain in overall detection performance. By comparison, RT-DETR-L achieved the best balance
between detection accuracy and computational cost, reaching 92.5% precision, 89.9% recall, and 91.2%
MAP@0.5 with 32.0 M parameters and 103.5 GFLOPs. Therefore, RT-DETR-L was selected as the baseline
model for the following experiments.
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Backbone Comparison and Validation

To validate the performance of the proposed model, this study conducted comparative experiments
within the same RT-DETR framework using five representative backbone networks. The compared backbones
were GhostNetV2 (Tang et al., 2022), ConvNeXt V2 (Woo et al., 2023), MobileNetV4 (Qin et al., 2024), Swin
Transformer (Liu et al., 2021), and RepViT (Wang et al., 2024). The results are shown in Table 3.

Table 3
Comparison of different backbone networks

Backbone P% R% mAP@0.5/% Params/M FLOPs/G
HGNetv2-L 92.5 89.9 91.2 32.0 103.5
GhostNetV2 91.0 90.1 90.4 215 59.4
ConvNeXtV2 93.0 88.8 90.2 214 65.4
MobileNetV4 92.8 91.0 89.7 20.4 73.0
RepViT 93.2 90.9 91.7 224 75.3
Swin Transformer 92.2 90.6 89.9 45.4 130.5
RFA-RepViT 93.3 91.6 92.7 25.5 77.6

Lower backbone complexity did not consistently translate into better detection performance.
GhostNetV2 had the lowest computational cost, with 59.4 GFLOPs and 21.5 M parameters, but its mMAP@0.5
was only 90.4%. ConvNeXtV2 and MobileNetV4 likewise showed no clear advantage over HGNetv2-L when
accuracy and efficiency were considered together. Swin Transformer further increased model complexity to
45.4 M parameters and 130.5 GFLOPs, whereas its mMAP@0.5 remained at 89.9%.

Among the candidate backbones, RepViT achieved the best balance between detection accuracy and
computational cost. It reached 93.2% precision, 90.9% recall, and 91.7% mAP@0.5 with only 22.4 M
parameters and 75.3 GFLOPs. Compared with HGNetv2-L, RepViT improved mAP@0.5 by 0.5 percentage
points while reducing parameters and GFLOPs by 9.6 M and 28.2, respectively. Based on RepViT, RFAConv
was further introduced to construct the RFA-RepViT backbone. This modification strengthened local feature
extraction with only a limited increase in complexity.

Ablation Experiments

To verify the contribution of each proposed module, ablation experiments were conducted on the RT-
DETR baseline model. The tested configurations sequentially introduced RFA-RepViT, BiFormer, ASF-CSA,
and Focaler-Shape-loU into the RT-DETR-L baseline. The comparative results are summarized in Table 4.

Table 4
Ablation experiment results: performance comparison of different models
Baseline Model A B C D P/% R/% mAP@0.5/% Params/M FLOPs/G

925 89.9 91.2 32.0 103.5
\ 93.3 91.6 92.7 25.5 77.6
\ 93.7 91.6 93.5 31.5 103.1
\ 92.0 917 93.5 29.7 109.5
RT-DETR v \ 934 913 93.0 24.9 77.2
\ \ 93.0 919 94.1 22.4 77.4
Y 93.7 917 93.6 29.2 109.1

\ Y 93.8 925 93.6 21.9 77

\ Y V 939 927 94.2 21.9 77

Note: A: RFA-RepViT, B: BiFormer, C: ASF-CSA, D: Focaler-Shape-loU. “N” indicates that the corresponding module is included

As shown in Table 4, each proposed module improved the detector when introduced individually, but
the gain pattern differed across modules. Replacing the backbone with RFA-RepViT increased precision, recall,
and mAP@Q0.5 from 92.5%, 89.9%, and 91.2% to 93.3%, 91.6%, and 92.7%, while parameters and GFLOPs
decreased from 32.0 M and 103.5 to 25.5 M and 77.6. This result indicates that the redesigned backbone
preserves local behavior cues more effectively and also reduces computational cost. BiFormer produced a
different effect.
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Precision and recall reached 93.7% and 91.6%, and mAP@Q0.5 rose to 93.5%, with only a minor change
in complexity. This suggests that selective intra-scale interaction is beneficial in crowded scenes. ASF-CSA
also increased recall and mAP@0.5 to 91.7% and 93.5%, mainly by strengthening multi-scale feature
aggregation, although GFLOPs increased to 109.5. Overall, the three structural modules improved the detector
in different ways: RFA-RepViT enhanced local detail representation, BiFormer improved contextual
discrimination, and ASF-CSA strengthened feature fusion across adjacent targets.

The RFA-RepViT and ASF-CSA combination achieved 94.1% mAP@0.5 with only 22.4 M parameters
and 77.4 GFLOPs, showing the strongest accuracy—complexity balance among the structural combinations.
When all three structural modules were used together, precision, recall, and mMAP@0.5 reached 93.8%, 92.5%,
and 93.6%, respectively, with 21.9 M parameters and 77.0 GFLOPs. Although this configuration did not yield
the highest single mMAP@Q0.5, it produced a more balanced improvement across the three detection metrics,
suggesting that the modules were partly complementary rather than linearly cumulative.

Focaler-Shape-loU was then introduced on top of the full structural model. Precision, recall, and
mAP@0.5 further increased to 93.9%, 92.7%, and 94.2%, while the number of parameters and GFLOPs
remained unchanged. Because this loss only modifies the regression objective, its contribution is better
understood as a refinement of localization quality rather than a change in feature representation. Overall, the
ablation results indicate that the final model benefits from coordinated improvements in local detail preservation,
contextual interaction, multi-scale fusion, and box regression.

Fig. 10 — Comparison of mAP@0.5 and GFLOPs Fig. 11 — Performance trends of different ablation
under different ablation settings settings in terms of precision, recall, and mAP@0.5

Detection Performance by Behavior Category

To further examine model performance across behavior categories, RT-DETR-L and RAFE-DETR were
compared on the five pig behaviors shown in Table 5. Overall, RAFE-DETR achieved 93.9% precision, 92.7%
recall, and 94.2% mAP@Q0.5, indicating stable and accurate recognition of pig behaviors.

Table 5
Experimental results of behavior recognition
AP@0.5/% o 0 0
Models Standing Lying Drinking Feeding Fighting P R% mAP@0.5/%
RT-DETR 92.1 96.1 90.3 91.9 85.5 92.5 89.9 91.2
RAFE-DETR 94.3 97.5 93.5 94.7 90.9 93.9 92.7 94.2

Table 5 shows the category-wise AP@0.5 results. RAFE-DETR outperformed RT-DETR in all five
behaviors, with the largest gain observed for fighting, where AP@0.5 increased from 85.5% to 90.9%. Feeding
and drinking also improved by 2.8 and 3.2 percentage points, respectively. Overall, RAFE-DETR increased
MAP@0.5 from 91.2% to 94.2%, indicating better behavior-level detection performance in group-housed pig
scenes.

Comparison with Different Detection Models

To evaluate the proposed method more comprehensively, RAFE-DETR was compared with
representative CNN-based, YOLO-based, and Transformer-based detectors. The comparative results are
listed in Table 6.

RAFE-DETR achieved the best overall performance among all evaluated models, with 93.9% precision,
92.7% recall, and 94.2% mAP@Q0.5, while requiring only 21.9 M parameters and 77 GFLOPs. This result
indicates that the proposed modifications improve detection accuracy without increasing model burden.
Compared with conventional CNN-based detectors, the advantage of RAFE-DETR remained clear. Faster R-
CNN and TOOD achieved mAP@Q0.5 values of 91.6% and 91.3%, respectively, but both models showed much
lower recall and substantially higher computational cost.
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Among the YOLO-based models, YOLOv12L produced the highest mAP@0.5 at 92.7%, while
YOLOV10L reached the highest recall of 91.6%. Even so, none of the YOLO variants surpassed RAFE-DETR
in overall performance.

Compared with RT-DETR-L, RAFE-DETR improved precision, recall, and mAP@0.5 by 1.4, 2.8, and
3.0 percentage points, respectively. At the same time, the number of parameters decreased from 32.0 M to
21.9 M, and GFLOPs decreased from 103.5 to 77.0. This confirms the superiority of the proposed method for
multi-behavior recognition in group-housed pigs.

Table 6
Comparison results of different target detection models
Models P/% R/% mAP@0.5/% Params/M FLOPs/G
Faster-R-CNN 75.6 76.3 91.6 414 208
TOOD 70.1 79.0 91.3 32.1 199
YOLOv8L 924 88.7 92.4 43.6 164.8
YOLOv10L 92.3 91.6 90.6 24.3 120.0
YOLOv11L 92.5 89.4 91.3 253 86.6
YOLOv12L 92.2 89.2 92.7 26.3 88.6
DETR 78.8 79.2 89.8 41.6 96.5
RT-DETR-R34 91.0 91.6 90.4 313 89.1
RT-DETR-L 92.5 89.9 91.2 32.0 103.5
RAFE-DETR 93.9 92.7 94.2 21.9 77

Qualitative Visualization

Figure 12 presents qualitative comparisons of YOLOv11L, RT-DETR-L, and RAFE-DETR in
representative pig-pen scenes. All three models detected the major pigs and behavior instances. The
differences became evident in crowded regions, close-contact areas, and partially visible targets near image
boundaries.

Origina YOLOV11L RT-DETR-L RAFE-DET

w B o 00 e 040

Fig. 12 — Comparison of three detection models for group-housed pig behavior recognition

In these challenging cases, RAFE-DETR produced more stable predictions, clearer behavior
assignment, and more consistent confidence scores than the two comparison models. False suppression and
category ambiguity were also reduced.

The visual patterns were consistent with the functional roles of the proposed modules. RFA-RepViT
improved the preservation of local details in small or partially visible pigs. BiFormer enhanced selective
contextual interaction in dense scenes. ASF-CSA strengthened feature aggregation for adjacent targets under
close contact. Focaler-Shape-loU further improved localization stability when posture variation and spatial
overlap occurred simultaneously. Even so, severely truncated boundary targets remained difficult for all
compared detectors. Overall, the qualitative results were in good agreement with the quantitative evaluation
and supported the advantage of the proposed method in complex surveillance images.
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Additional Evaluation on a Second Public Dataset

To further examine robustness beyond the primary source, supplementary experiments were conducted
on a second public pig-behavior dataset. In the validation design of this study, the primary dataset served as
the same-source evaluation set, whereas the second dataset was used for near-domain supplementary
evaluation under related but different local scene conditions. The corresponding results are listed in Table 7.

Table 7
Comparison of different models on the second public pig-behavior dataset
Models P/% R/% mAP@0.5/%
YOLOvSL 89.6 82.7 87.4
YOLOv11L 90.4 88.2 88.2
YOLOv12L 914 83.4 86.3
RT-DETR-L 924 87.5 88.7
RAFE-DETR 91.4 89.9 90.4

RAFE-DETR achieved 91.4% precision, 89.9% recall, and 90.4% mAP@0.5 on this dataset, ranking
first in recall and mAP@0.5 among all compared models. Relative to RT-DETR-L, precision decreased slightly
by 1.0 percentage point, whereas recall and mAP@0.5 increased by 2.4 and 1.7 percentage points,
respectively. The proposed model also remained superior to the YOLO-based detectors in overall detection
performance, with mAP@0.5 gains of 3.0 and 4.1 percentage points over YOLOv11L and YOLOv12L,
respectively. These results suggest that RAFE-DETR retained stable effectiveness under related scene
variation and was not restricted to a single public source.

Edge Deployment Validation

To verify practical deployment feasibility, on-device validation was conducted on a Jetson Orin NX Super
platform. The model was successfully executed under both PyTorch and TensorRT backends. The complete
workflow of model loading, inference, and result output was maintained on the edge device. The deployment
results are summarized in Table 8.

Table 8
Deployment feasibility and accelerated inference validation on an edge platform.
Model Inference backend Input size FPS Improvement over RT-DETR (%)
RT-DETR PyTorch 640%640 9.1
RAFE-DETR PyTorch 640%640 13.8 51.65
RAFE-DETR TensorRT 640%640 19.1 109.89

Under the PyTorch backend, RT-DETR reached 9.1 FPS, whereas RAFE-DETR achieved 13.8 FPS.
After TensorRT acceleration, the inference speed of RAFE-DETR further increased to 19.1 FPS. Relative to
RT-DETR under PyTorch, the corresponding speed gains were 51.65% and 109.89%, respectively. Detection
boxes and class labels were generated normally after deployment, and the saved visual results are shown in
Figure 13. Taken together, these results confirm that the proposed detector is not only effective in offline
evaluation but also executable on embedded hardware for edge-side pig behavior monitoring.

Fig. 13 — Deployment and inference verification of RAFE-DETR on the NVIDIA Jetson Orin NX Super platform
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CONCLUSIONS

Accurate recognition of standing, lying, feeding, drinking, and fighting in group-housed pigs is important
for intelligent livestock monitoring and precision farm management. To address the limitations of the original
RT-DETR in multi-behavior detection under overhead pig-pen surveillance, this study developed RAFE-DETR
by improving the backbone, intra-scale interaction, multi-scale fusion, and box regression.

The following conclusions can be drawn:

(1) In the proposed framework, RFAConv was embedded into RepViT blocks to construct the RFA-
RepViT backbone, BiFormer was introduced to strengthen selective intra-scale interaction, ASF-CSA was
designed to improve adaptive multi-scale feature fusion, and Focaler-Shape-loU was adopted to refine
bounding-box regression. These coordinated modifications improved local feature preservation, contextual
discrimination, feature aggregation, and localization stability in dense pig-pen scenes.

(2) Experimental results on the primary dataset showed that RAFE-DETR achieved 93.9% precision,
92.7% recall, and 94.2% mAP@0.5. Compared with RT-DETR-L, precision, recall, and mAP@0.5 increased
by 1.4, 2.8, and 3.0 percentage points, respectively, while parameters decreased from 32.0 M to 21.9 M and
GFLOPs decreased from 103.5 to 77.0. These results indicate that the proposed model improved detection
accuracy while maintaining a more favorable balance between performance and computational cost.

(3) Supplementary experiments on a second public pig-behavior dataset further supported the
robustness of the proposed method under related scene variation. In addition, deployment tests on the Jetson
Orin NX Super platform showed that the model remained executable on embedded hardware, reaching 13.8
FPS under PyTorch and 19.1 FPS under TensorRT. These results demonstrate that RAFE-DETR has practical
potential for intelligent livestock monitoring and edge-side behavior analysis in group-housed pig production.

In summary, RAFE-DETR provided a practical combination of detection accuracy, computational
efficiency, and deployment feasibility for multi-behavior recognition in group-housed pigs.
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