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Abstract

Animal pose estimation plays a vital role in various fields such as animal behavior
analysis and wildlife conservation. However, in real-world scenarios, keypoint occlusion
frequently occurs, which limits the model’s ability to accurately localize keypoints. To
address this issue, this paper proposes an occlusion-aware animal pose estimation
algorithm based on an improved HRNet. The proposed method incorporates a data
augmentation strategy driven by strongly connected keypoints to enrich the diversity of
occluded keypoints in the training set and enhance the model’s inference capability for
invisible keypoints. In addition, a dynamic upsampling module integrating both channel
and spatial attention mechanisms is designed to improve the restoration quality of fine-
grained features during the upsampling process. Furthermore, a progressive feature
fusion strategy is introduced to reduce the information loss caused by large-scale
upsampling in multi-scale feature integration, thereby further enhancing the fusion
performance. Experimental results on the public AP-10K dataset demonstrate that the
proposed method significantly outperforms the original HRNet and other comparison
algorithms in terms of accuracy.
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1. Introduction

Animal pose estimation has emerged as an important application of computer vision in fields
such as animal behavior analysis, biological research, and wildlife monitoring. In recent years,
it has attracted increasing attention from the research community. Compared with human pose
estimation, animal pose estimation faces greater challenges due to the significant variations in
morphological structures, body proportions, and movement patterns across different species.
Most existing approaches draw inspiration from human pose estimation frameworks. Methods
such as HRNet [1], OpenPose [2], and SimpleBaseline [3] have been widely adapted for animal
keypoint detection tasks. Open-source toolkits like DeepLabCut [4] integrate deep learning
with behavioral research, achieving promising results on small-scale animal datasets through
transfer learning. However, these approaches typically rely on clean, unobstructed images and
often struggle to generalize to complex environments where occlusions or visual ambiguities
frequently occur.

To improve pose estimation performance under keypoint occlusion, several studies have
introduced structural priors-such as skeletal graphs [5] or graph neural networks (GNNs) [6]-
to enhance the model’s understanding of semantic relationships among joints. However, most
existing methods still rely primarily on conventional data augmentation techniques (e.g.,
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occlusion patches [7], random erasing [8]) to simulate occlusions, which fail to fundamentally
mitigate the prediction bias caused by severe keypoint occlusion.

Some works attempt to compensate for missing keypoints through structural reasoning
modules or attention mechanisms. For instance, Masked Feature Completion combines spatial
attention with feature restoration to directly generate substitute representations for occluded
regions [9]. PoseRefiner-like approaches iteratively refine the predicted keypoints through
secondary optimization to correct the initial predictions of occluded joints [10]. In addition, a
few methods [11] model keypoint visibility during training, enabling the network to perceive
occlusion states and adapt its predictions accordingly. Nevertheless, these methods typically
rely on complex architectures or external priors, resulting in high computational and training
resource requirements.

To address the limitations of existing animal pose estimation methods under occlusion
scenarios, this paper proposes OCC-HRNet (Occlusion-aware HRNet), an enhanced framework
that improves HRNet from three key perspectives: data augmentation, upsampling, and multi-
scale feature fusion. Specifically, OCC-HRNet achieves three major innovations:

(1) A relation-driven data augmentation strategy is introduced to strengthen the model’s
structural awareness and feature completion capability for occluded keypoints;

(2) A hybrid attention-based dynamic upsampling module is designed to enhance fine-grained
detail recovery during feature reconstruction;

(3) A progressive feature fusion strategy is proposed to mitigate the information loss caused by
large-scale upsampling in traditional HRNet, thereby further improving the robustness and
accuracy of pose estimation in complex environments.

2. The Proposed Method

To address the insufficient keypoint localization accuracy of HRNet under occlusion, we
propose OCC-HRNet, a framework equipped with occlusion-aware capabilities. OCC-HRNet
incorporates a triple optimization strategy-data augmentation, upsampling, and multi-scale
feature fusion-to enhance keypoint detection in occluded scenarios. The overall architecture of
OCC-HRNet is illustrated in Figure 1.
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Figure 1. Architecture of OCC-HRNet
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2.1. Strong Connectivity-Driven Data Augmentation Methods(SCDAM)

The strong-connection-driven data augmentation method is based on the strong connectivity
relationships between keypoints, and selectively occludes certain regions of the image to enrich
the dataset and improve model accuracy. In this work, we denote keypoints as K, with
K;representing the i-th keypoint. Figure 2 illustrates all keypoints of mammals.

In mammals, limb movements are achieved through the coordinated interaction of various
body parts. The keypoints of the limbs and their interrelationships jointly determine the
animal’s morphology and motion posture. We hypothesize that the variation in connection
strength among keypoints significantly affects the model’s prediction performance-stronger
connections lead to more accurate predictions for the associated keypoints. Based on this
observation, we introduce the following definitions:

Figure 2. Anatomical body keypoints of mammals

(a) Strong Connection Between Keypoints: In the limbs of mammals, directly connected
keypoints form strong connections. Formally, if p;and p;are directly connected, there exists a
strong connection between them, denoted as (p;, pj)- The strong connections present in Figure
2 include(ps, p7), (P7, P8), (P9, P10)» (P10, P11), (P12, P13), (P13, P14)s (P15, P16)s (P16s P17)-

Suppose a keypoint in Figure 2 is displaced in a certain direction or occluded; the model can
leverage the strong connections(pg, p7) and (p, pg)to infer the relative positions of K;or K;,
thereby maintaining prediction accuracy under occlusion.

(b) Strong Connection Set: The set of all strong connections.

(c) Visible Keypoints: Keypoints in the input image that are not occluded.
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(d) Visible Keypoint Set: The set of all visible keypoints in the input image, denoted as PV =
{p?,v%,...,pmm} where m is the number of visible keypoints.

To enhance the model’s ability to predict occluded keypoints based on strong connections, we
propose a strong-connection-driven data augmentation method built upon the above
definitions. This method performs both connection-level occlusion and keypoint-level
occlusion according to the strong connection set and the visible keypoint set, generating an
augmented dataset.

In an image, if the cardinality of the visible keypoint set is large, partially occluding the image
has little effect on model performance. Conversely, if the cardinality is too small, augmentation
may hinder the model’s ability to extract meaningful features. Therefore, we introduce an
augmentation constraint, defined in Equation (1). In this equation, 8 denotes the augmentation
constraint threshold, and H is the total number of keypoints. Data augmentation is applied only
when the image satisfies this constraint.

P\ H>0 (1)

(a) Relationship Occlusion Strategy

In this study, relationship occlusion is performed according to Occlusion Strategies 1-3.
Occlusion Strategy 1:Let R, denote the set of strong connections. R, € ¢

Occlusion Strategy 2: (Vp;)p; € P¥, (Vp;)pj € P¥ , If a strong connection (p;,pj)
exists,thenR, = R, U {(p{,p;)}-

Occlusion Strategy 3: If |[PY|/H > 6, then [|R,|u;] relationships are randomly selected from Ro

for occlusion, where [-] denotes the ceiling operation, and p; is a tunable parameter. The
occlusion area is calculated according to Equation (2). In Equation (2), hpand w, represent the

height and width of the bounding box, respectively, and ||p}’ — p}-’”z denotes the Euclidean
distance between the two keypoints of the connection.

(b) Keypoint Occlusion Strategy

In this study, keypoint occlusion is performed according to Occlusion Strategies 4-5.

Occlusion Strategy 4: (Vp;)p; € PY, If p{ has already been involved in a relationship occlusion,
thenK” « PV \ {p/}.

Occlusion Strategy 5: If |PY|/H > 6, then [|K”|u,] keypoints are randomly selected from KV for
occlusion, where p, is a tunable parameter. The occlusion area is computed according to
Equation (3).

in(hg, 2
Soccz =11 (W) (3)

Figure 3 illustrates the occlusion results generated by the strong-connection-driven data
augmentation method. In the figure, the black circular regions represent keypoint occlusions,
while the black elliptical regions indicate relationship occlusions.
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Figure 3. Comparison of data augmentation methods

2.2. Hybrid Attention-based Upsample Method(HASample)

During the fusion of feature maps at different resolutions, low-resolution feature maps are
often upsampled using interpolation methods. Traditional interpolation techniques [12]
generate new pixels by performing linear or nonlinear interpolation between known pixels,
which may lead to a loss of image details. Under occlusion, such methods may fail to effectively
capture information from the occluded regions. DySample [13] is a dynamic upsampling
method that can generate an interpolation sampling set adaptively based on the input feature
map and adjust the interpolation results using this set. This approach partially mitigates the
detail loss caused by conventional interpolation.

In the process of generating the interpolation sampling set, DySample employs linear functions
to produce offsets corresponding to the original sampling points. This offset generation can be
regarded as extracting local contextual features. However, when occlusion is present, the model
cannot infer the global spatial relationships of the occluded regions solely from local context.
Moreover, this offset generation scheme struggles to effectively exploit the channel-wise
relationships of the feature map, which provide important complementary contextual
information. These limitations constrain the ability of the upsampled feature maps to preserve
fine-grained details.

To address the above limitations, we propose an improved version of DySample, named
HASample (Hybrid Attention-based Upsample Method). First, an original sampling set G is
defined according to the size of X;,. Next, the O-Generator module generates offsets
corresponding to the input feature map, which are then reshaped via a Pixel Shuffle operation
to obtain the dynamic offsets O;. These offsets are fused with the original sampling set G to form
the interpolation sampling set S;. Finally, S; and the input feature map are fed into a bilinear
interpolation grid function (GridSample) to produce the upsampled feature map. The overall
architecture of HASample is illustrated in Figure 4.

In HASample, the O-Generator module plays a key role, and its detailed structure is illustrated
in Figure 4. It consists of a channel attention module and a spatial attention module arranged
in series, which weight the input features along the channel and spatial dimensions,
respectively, to generate more accurate sampling offsets. Specifically, the channel attention
module captures dependencies across different channels, enabling the model to focus on
feature channels that contribute most to offset generation. Meanwhile, the spatial attention
module employs convolutional kernels of three different sizes to extract multi-scale global
spatial features, comprehensively evaluating the importance of features at different spatial
locations within the feature map.
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Figure 4. Overview of the HASample model architecture

Given an input feature map X;,, the O-Generator first applies the channel attention module to
extract channel-wise features and generate X'. It then employs the spatial attention module to
capture spatial features, producing X", which serves as the offset map for the input feature map.
The channel attention module first compresses the channels of the feature map using a
pointwise convolution. It then sequentially applies global average pooling to reduce the spatial
dimensions and stacks two 1D convolutions to extract channel-wise features. The resulting
feature map is passed through a sigmoid function to generate a weight matrix, which is then
multiplied element-wise with the channel-compressed feature map to obtain X'. The detailed
computation process of the channel attention module is formulated in Equation (4).

X' = ag(convlD(convlD (Avg(conv,x1(Xin))))) © convyxq(Xin) (4)

The spatial attention module first applies single-kernel convolutions of sizes 3x3, 5x5, 7x7 to

compress the channel features while extracting spatial features at different scales. The resulting
multi-scale spatial feature maps are then fused through element-wise summation followed by
a sigmoid function to generate a weight matrix. Finally, the weight matrix is multiplied element-
wise with 1 to obtain X”. The detailed computation of the spatial attention module is
formulated in Equation (5).

X" = o(convzy3(X") + convsys(X') + convyy, (X)) © X' (5)

2.3. Step-by-step Feature Fusion Module(SSFFM)

Fusing feature maps at different resolutions can yield richer and more informative
representations. In HRNet, the fusion strategy involves upsampling the (1/8), (1/16), and
(1/32) resolution feature maps by factors of 2, 4, and 8, respectively, to match the (1/4)
resolution, followed by convolutional compression and concatenation. However, the large-scale
upsampling (4x and 8x) performed during this process may introduce detail distortion in the
fused feature maps.

To address this issue, we propose a progressive feature fusion module. The fusion process is
illustrated in Figure 5. Starting from the (1/32) resolution feature map, it is first upsampled by
a factor of 2 using HASample, and the resulting feature map is fused with the feature map of the
same resolution. The fused feature map is then progressively upsampled using HASample and
merged with the corresponding resolution feature map at each stage. This process is repeated
until fusion with the original (1/4) resolution feature map is completed.
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Figure 5. Step-by-step feature fusion Module

3. Experimental Results and Analysis

3.1. Experimental Setup

All experiments in this study were conducted on the same server. The server is equipped with
an Intel(R) Xeon(R) Platinum 8260 @ 2.4GHz CPU, 376 GB of RAM, and an NVIDIA GeForce RTX
3090 (24 GB) GPU. The operating system is Ubuntu 20.04.1, and the deep learning framework
is PyTorch 2.0.0, with Python 3.7 used for algorithm implementation.

To ensure fairness, all training procedures employ a uniform input image size of (256 \times
256), a batch size of 64, and 260 epochs. All other training parameters are set to their default
values. All models are trained from scratch, without using pretrained weights from large-scale
datasets such as ImageNet for initialization.

3.2. Dataset

The experiments in this study utilize the AP-10K dataset [14], which covers 23 families and 54
species. The dataset contains 10,015 images with a total of 13,028 instances. Each instance is
annotated with 17 keypoints, representing 17 critical anatomical landmarks of mammals.
Following the official AP-10K split, the dataset is divided into 7,023 training images, 995
validation images, and 1,997 test images.

3.3. Evaluation Metrics

This study adopts the widely recognized evaluation metric in the field of pose estimation-Object
Keypoint Similarity (OKS) [15]. The calculation formula of OKS is shown in Equation (6).

oK = 288w >0) (6)
D6, >0)
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In Equation (6), d; represents the L2 distance between the predicted and ground truth
keypoints, s denotes the object scale, k is a constant that controls the falloff for each keypoint,
and v; indicates whether the keypoint is visible.

This study uses the Average Precision (AP) based on OKS as the primary evaluation metric for
the model.The calculation of AP is shown in Equation (7). In this equation, n represents the
number of instances, T} denotes the manually set OKS threshold, T, = 0.5 + 0.05k,and k take
values ranging from 0 to 9.

1 n
-N's
Z > (OKS >T,) 7)

AP =22
10

3.4. Ablation Study

To evaluate the effectiveness of the proposed improvements, ablation experiments were
conducted on the AP-10K dataset. The results are shown in Table 1.In the table, ModelO
represents the baseline model (HRNet). Modell, Model2, and Model3 denote the models
obtained by successively incorporating SCDAM, SSFFM, and HASample into the preceding
model.

As shown in Table 1, Model1, Model2, and Model3 improve the performance of Model0, Model1,
and Model2 by 0.5%, 0.5%, and 0.7%, respectively.These results clearly demonstrate the
effectiveness of SCDAM, SSFFM, and HASample.

Table 1. Ablation results of all improvements in OCC-HRNet

improvements
Methods AP params(M) FLOPs(G)
SCDAM SSFFM HASample
Model0 70.3 28.5 10.27
Model1l v 70.8 28.5 10.27
Model2 v v 71.3 28.6 10.27
Model3 N N N 72.0 28.6 10.29

3.5. Comparative Experiments

This study evaluates the performance of OCC-HRNet by comparing its detection accuracy on
the AP-10K dataset with seven different pose estimation methods.These seven methods are
CSPNeXt-m [16], CSPNeXt-s, Hourglass [11], SimpleBaseline (ResNet_50) [3], SimpleBaseline
(ResNet_101), HRNet, and DARK [17].Among them, DARK uses HRNet as its backbone network
and applies the DARK technique for post-processing of the heatmaps.

Table 2 presents the results of the comparative experiments. As shown, the OCC-HRNet
achieves an AP of 72.0% on the AP-10K dataset, representing a 1.7% improvement over
HRNet.On the AP-10K dataset, OCC-HRNet also improves the AP50, AP75, APM, APL, and AR
metrics by 0.3%, 0.6%, 1.1%, 1.8%, and 1.2%, respectively, compared to HRNet.These results
indicate that OCC-HRNet demonstrates higher performance than HRNet, particularly in
scenarios involving keypoint occlusion.When compared with other algorithms, OCC-HRNet also
shows clear advantages. The AP of OCC-HRNet exceeds that of CSPNeXt-m, Hourglass,
SimpleBaseline (ResNet_101), and DARK by 1.5%, 3.4%, 2.2%, and 0.8%, respectively.These
findings further confirm the superior performance of OCC-HRNet under occluded keypoint
conditions.

The model parameters of OCC-HRNet amount to 28.6M, and its computational complexity is
10.29 GFLOPs. Compared with HRNet, OCC-HRNet shows only a slight increase in model
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parameters, indicating that the proposed method enhances detection accuracy without
significantly increasing model or computational complexity.

Table 2. Comparative results of OCC-HRNet on AP-10K

Methods Backbone AP AP0 | AP75 | APM | APL AR | params(M) | FLOPs(G)
CSPNeXt [16] CSPNeXt-m | 70.5 | 936 | 77.6 | 524 | 71.0 | 73.7 13.6 2.56
CSPNeXt CSPNeXt-s | 60.5 | 88.7 | 63.2 | 473 | 60.7 | 64.8 6.02 191
Hourglass1] Hourglass | 68.6 | 93.1 | 742 | 525 | 69.6 | 72.6 94.8 28.7
SimpleBaselinel3] | ResNet 50 | 68.0 | 92,6 | 73.8 | 55.2 | 68.7 | 718 34.0 7.26
SimpleBaseline | ResNet_101 | 69.8 | 84.1 | 739 | 66.2 | 69.0 | 718 53.1 121
HRNetlll HRNet_ w32 | 703 | 93.7 | 772 | 53,5 | 705 | 73.8 28.5 10.27
DARKI17] HRNet w32 | 71.2 | 939 | 775 | 539 | 71.7 | 744 28.5 10.27
OCC-HRNet OCC-HRNet | 72.0 | 94.0 | 77.8 | 54.6 | 72.3 | 75.0 28.6 10.29

3.6. Comparison of Detection Results

F

Original Image

HRE Net

OCC-HRNet

Figure 6. Comparison of results between HRNet and OCC-HRNet
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Figure 6 presents several examples of keypoint detection results produced by OCC-HRNet and
HRNet on the AP-10K dataset.Figure 6(a) shows the detection results under non-occluded
scenarios. In this case, both OCC-HRNet and HRNet accurately detect the animal
keypoints.Figure 6(b) illustrates the results under inter-animal occlusion. As shown, HRNet
fails to detect several keypoints, including the unoccluded tail and the occluded hip and knee
joints, whereas OCC-HRNet successfully detects all of them.Figure 6(c) depicts the results under
self-occlusion scenarios. HRNet misses multiple keypoints on the legs, while OCC-HRNet
accurately locates the occluded ones.

Figure 6(d) demonstrates occlusions caused by environmental factors. In this situation, HRNet
misses a large number of keypoints obscured by branches, while OCC-HRNet successfully
identifies all of them, indicating its strong generalization and robustness.This advantage is
further confirmed in Figure 6(e), which presents a heavily occluded multi-target scenario. In
the dense central region of the image, HRNet detects only a few keypoints and fails to establish
correct skeletal connections. In contrast, OCC-HRNet accurately predicts most occluded
keypoints, missing only a few on the legs.

4. Summary

To address the poor performance of existing algorithms in handling occluded keypoints in
animal pose estimation, this paper proposes an improved OCC-HRNet model based on HRNet.
The improvements in this work can be summarized as follows:

(1) A strong-connection-driven data augmentation method is proposed to adaptively perform
occlusion augmentation on the dataset.

(2) A hybrid attention-based dynamic upsampling method is introduced to alleviate detail
distortion during the upsampling process.

(3) A progressive feature fusion strategy is adopted to reduce information loss caused by large-
scale upsampling.
Experimental results on the AP-10K dataset demonstrate the effectiveness and efficiency of the
proposed method.
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