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Abstract

The re-identification of endangered felines is critical for species conservation and biodi-
versity assessment. This paper proposes the Pose-Guided Network with the Adaptive
L2 Regularization (PGNet-AL2) framework to overcome key challenges in wild feline
re-identification, such as extensive pose variations, small sample sizes, and inconsistent
image quality. This framework employs a dual-branch architecture for multi-level feature
extraction and incorporates an adaptive L2 regularization mechanism to optimize param-
eter learning, effectively mitigating overfitting in small-sample scenarios. Applying the
proposed method to the Amur Tiger Re-identification in the Wild (ATRW) dataset, we
achieve a mean Average Precision (mAP) of 91.3% in single-camera settings, outperforming
the baseline PPbM-b (Pose Part-based Model) by 18.5 percentage points. To further evaluate
its generalization, we apply it to a more challenging task, snow leopard re-identification,
using a dataset of 388 infrared videos obtained from the Wildlife Conservation Society
(WCS). Despite the poor quality of infrared videos, our method achieves a mAP of 94.5%.
The consistent high performance on both the ATRW and snow leopard datasets collectively
demonstrates the method’s strong generalization capability and practical utility.

Keywords: adaptive regularization; Amur tiger; snow leopard; re-identification; deep
learning; wildlife conservation

1. Introduction

Wildlife constitutes a vital component of Earth’s biodiversity, playing an irreplaceable
role in preserving ecological balance and supporting other essential functions [1]. However,
with the intensification of human activities, global wildlife now faces unprecedented threats
to its survival [2]. The International Union for Conservation of Nature (IUCN) Red List of
Threatened Species indicates that over 48,600 species currently face extinction risks [3].

The Amur tiger, listed as endangered on the Red List, is one of the world’s largest
felines. It was once widely distributed across Northeast China, the Russian Far East, and
the Korean Peninsula [4]. Affected by multiple threats, the Amur tiger’s wild population
once approached the brink of extinction. In recent years, through joint efforts by China
and Russia, its population has shown signs of recovery and growth [5]. The snow leopard
was classified as Vulnerable (VU) in the 2017 ITUCN Red List assessment [6]. The same
year, the International Snow Leopard Foundation launched the Population Assessment
of the World’s Snow Leopards (PAWS) initiative to systematically evaluate snow leopard
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population dynamics using scientific methods [7]. Wildlife conservation is not merely
about preserving individual species; it is crucial for maintaining global ecological balance
and ensuring sustainable human development [8].

Individual identification plays a crucial role in conservation efforts for Amur tiger and
snow leopard populations. Although various methods and tools are currently available for
animal identification and activity recording [9,10], not all methods are suitable for all animal
species. For Amur tigers and snow leopards, the commonly used individual identification
methods primarily include DNA identification [11,12], footprint identification [13,14],
scent identification [15], and fur pattern identification. With advancements in information
technology and artificial intelligence, recognition based on the unique stripes of the Amur
tiger and the distinctive spots of the snow leopard has gained increasing attention [16,17].
These stripe and spot patterns exhibit lifelong consistency, analogous to human fingerprints,
and possess high individual specificity. Compared to other methods, surface pattern
recognition offers advantages such as operational simplicity and reliable results, making
it currently the most practical method for individual identification of Amur tigers and
snow leopards.

The primary objective of wildlife re-identification is to automatically recognize
and match the same individual across different images. The earliest research direc-
tion for re-identification tasks was pedestrian re-identification. In 2005, Zajdel first
proposed the concept of “pedestrian re-identification”, after which numerous scholars
are interested in this field [18]. Benefiting from mature developments in pedestrian re-
identification, re-identification technology is gradually being applied to the field of animal
re-identification [19]. The first application of computer vision in individual animal recogni-
tion dates back to 1990. In a pioneering study by Whitehead et al. [20], researchers used
custom software to scan projected slides of sperm whale tail flukes onto digital plates. Then
they manually annotated unique feature points, such as notches and scars, on the tail flukes
to establish a feature database. For each query image, the software calculates similarity
scores with all gallery images and returns the individual with the highest score as the
matching result, thus achieving individual re-identification. Ravela and Gamble employed
features such as Taylor approximations of local color intensity, multiscale histograms, and
curvature to perform individual recognition on overhead images of spotted salamanders
from Massachusetts [21]. With advances in machine learning, neural networks have increas-
ingly been applied to animal re-identification. Carter et al. laid the groundwork for neural
network applications in this field by extracting green sea turtle shell patterns, vectorizing
the data as input, and training 50 distinct simple feedforward neural networks for turtle
re-identification [22].

The aforementioned work holds significant importance for research in the field of
animal re-identification. However, the process of establishing the dataset relies heavily
on manual labor, and the data is overly standardized and uniform, resulting in limita-
tions when applied in practice. In particular, re-identification studies of Amur tigers and
snow leopards face additional challenges. As endangered and vulnerable species in the
wild, they have small sample sizes, posing risks of overfitting. Furthermore, infrared
photography often results in blurred images and underexposure, while limb movements
cause significant pose variations. These factors make it difficult to establish large, uniform
datasets, substantially increasing the complexity of re-identification research for these wild,
endangered felines.

To address the challenge of re-identification for Amur tigers in wild environments,
Li et al. constructed a large-scale Amur Tiger Re-identification (ATRW) dataset and pro-
posed two benchmark methods for tiger re-identification: PPbM-a and PPbM-b, achieving
a mAP accuracy of 77.1% under single-camera conditions [23]. This method employs
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ResNet-50 as the backbone network and incorporates precise pose-local information, effec-
tively addressing the significant pose variation issue in Amur tigers. Building upon this
foundation, researchers explored various network architecture enhancement strategies to
improve recognition performance. To better integrate global and local features, Liu et al.
proposed the PPGNet architecture, comprising two major modules: a Global Stream and
a Local Stream, achieving a single-shot accuracy of 90.6% [24]. Xu et al. further designed
a global inverted pyramid multi-scale feature fusion module and a local dual-domain
attention feature enhancement module. By leveraging multi-scale feature extraction and
attention mechanisms to enhance key region features, they achieved a mAP accuracy of
78.7% under single-shot conditions [25]. With the successful application of transformer
architectures in computer vision, researchers have been exploring their potential for wildlife
re-identification. Bai et al. evaluated multiple deep learning architectures on the ATRW
dataset, demonstrating that a combined ViT-MGN model achieved 83.4% mAP, proving
the significant advantage of Transformer architectures in wildlife individual recognition
tasks [26].

In 2023, researchers Bohnett et al. conducted an identification study using a curated
dataset of free-ranging snow leopards photographed in Afghanistan between 2012 and
2019, along with data from captive individuals in zoos across Finland, Sweden, Germany,
and the United States. By integrating convolutional neural networks, pose-invariant em-
bedding, and the HotSpotter algorithm, their method achieved 85% Rank-1 accuracy and
99% Rank-20 accuracy [27]. In 2025, Solari et al. successfully developed an innovative
genetic detection technique based on a multiplex PCR-SNP panel, enabling high-accuracy
individual identification from snow leopard fecal samples. This method demonstrated
exceptional performance in validation studies using paired zoo samples, achieving an allele
call accuracy rate of 96.7%. The team further validated the technique with field-collected
fecal samples from various regions of Pakistan, confirming that the SNP panel main-
tained reliable individual identification even for aged or low-quality wild samples. This
breakthrough provides a powerful molecular biology tool for snow leopard conservation
research [28].

Real-world applications impose stringent demands on both recognition accuracy and
generalization capability of models. However, existing literature remains insufficient to
fully meet these challenges. Current methods still suffer from limited recognition accuracy
under complex pose variations and weak cross-species generalization capability, making
them difficult to transfer directly to re-identification tasks involving other endangered feline
species. To address these challenges, we hypothesize that integrating pose-guided semantic
alignment with adaptive regularization can improve feature representation quality and
model generalization for endangered feline re-identification under limited data conditions.
Based on this hypothesis, this paper proposes PGNet-AL2 (Pose-Guided Network with
Adaptive L2 Regularization), a novel framework designed specifically for this task.

The proposed framework achieves outstanding accuracy on the ATRW dataset and
successfully transfers to the snow leopard re-identification domain, demonstrating its
effectiveness for constructing re-identification systems for endangered wild felines.

2. Materials and Methods
2.1. Dataset
2.1.1. Wild Amur Tiger Dataset

ATRW [23] serves as the benchmark dataset for individual recognition of Amur tigers,
characterized by its large sample size and rich annotation information. The data was col-
lected under diverse natural environmental conditions. Figure 1 shows three representative
scenarios: (a) the same individual in different poses captured by a single camera, (b) the
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same individual with significant variation across cameras, and (c) different individuals
with similar stripe patterns. The dataset contains 3649 bounding box annotations across
92 distinct Amur tigers. These are further divided into 182 recognition entities, where the
left and right body sides of a tiger are treated as separate entities due to their independent
stripe patterns. Given that tigers are non-rigid deformable objects, pose-invariant features
are critical for recognition. Consequently, in addition to individual ID labels, the ATRW
dataset provides spatial coordinate annotations for 15 key joints per tiger, as detailed in
Figure 2 and Table 1. Unlike the Market1501 dataset [29] in the pedestrian re-identification
field, not all entities in this dataset originate from multi-camera scenes. Approximately
70 entities were captured across camera views, while the remaining entities were sourced
from different time-series frames of a single camera.

ARTW Snow Leopard

@ (b) © @ (0)

Figure 1. Challenges in wildlife re-identification. Left: Amur Tiger Re-identification (ATRW)
dataset; Right: Snow Leopard dataset. (a) Same individual with different poses under single camera;
(b) Same individual with significant variations across cameras; (c) Different individuals with similar
stripe patterns.

This study adopts the standard data partition for the ATRW dataset, utilizing all
3649 images. The training set contains 1887 images from 107 entities, and the test set
contains 1762 images from 75 entities. For evaluation, the entire test set is used as both the
query and the gallery set.

Figure 2. Key-point annotation examples from the ATRW dataset.

Table 1. Definition of the 15 key-points for pose annotation in the ATRW dataset.

Key-Point Definition Key-Point Definition
1 left ear 9 right knee
2 right ear 10 right back paw
3 nose 11 left hip
4 right shoulder 12 left knee
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Table 1. Cont.
Key-Point Definition Key-Point Definition
5 right front paw 13 left back paw
6 left shoulder 14 root of tail
7 left front paw 15 center, mid point of 3 & 14
8 right hip

2.1.2. Wild Snow Leopard Dataset

The wild snow leopard dataset, provided by the Wildlife Conservation Society (WCS),
originates from 388 infrared camera videos featuring 30 individuals. From these videos, we
extracted a total of 2013 images for re-identification, each with complete individual identity
annotations. As shown in Figure 1, the infrared camera images in the dataset generally
exhibit significant background interference. To address this, object detection bounding
box annotations were applied to 2013 images in the dataset. Figure 3 displays some object
detection results. The data partitioning scheme is as follows: the training set comprises
1680 images and 30 entities, while the test set includes 433 images and 15 entities. For
evaluation, the entire test set is used as both the query and the gallery.

Figure 3. Examples of object detection results on the Snow Leopard dataset.

2.2. Method

Animal re-identification, as an image retrieval task, employs neural network methods
to first extract discriminative global and local feature representations of individual animals.
Subsequently, metric learning is utilized to optimize the embedding space, bringing the
feature distances of identical individuals closer together while increasing the distances
between different individuals. This ultimately enables cross-view individual matching
and retrieval.

The dense and intricate stripes on the flanks of Amur tigers exhibit unique and stable
characteristics, making them the primary identification region in tiger re-identification [17].
Traditional re-identification networks typically use photographs capturing the tiger’s entire
body as input, which often include the shooting background, head, and limb areas. How-
ever, this design method may lead to two issues: First, in field-collected images, the lateral
stripes of different individual tigers often exhibit high similarity, while the background en-
vironments vary significantly [30]. This data distribution pattern, characterized by “similar
foregrounds and diverse backgrounds”, can cause models to learn spurious background-
related features while neglecting the true discriminative details of the lateral stripes. This
over-reliance on background features severely weakens the model’s generalization ability,
causing recognition performance to decline when backgrounds change. Second, tigers are
mostly in motion within their natural habitats, resulting in significant differences in limb
postures across images. This inconsistency in spatial relationships between body parts
makes traditional global feature extraction methods ill-suited to adapt to pose variations,
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thereby affecting re-identification accuracy. Furthermore, as endangered and vulnerable
species, respectively, the wild populations of Amur tigers and snow leopards are scarce,
resulting in extremely limited available image samples. This small-sample data often leads
to overfitting during deep neural network training, restricting the model’s generalization
capability [31].

2.2.1. Pose-Guided and Adaptive Regularization-Based Re-Identification Network

To simultaneously address the challenges of background interference, pose variations,
and data scarcity, this paper proposes a Pose-Guided Network with Adaptive L2 Regu-
larization (PGNet-AL2) featuring a dual-branch architecture, inspired by the work of Liu
et al. [24]. This network constructs an architecture where global and pose-guided branches
collaborate synergistically. Both branches perform feature extraction based on ResNet,
enabling progressive multi-level feature learning from coarse to fine. The overall network
architecture is illustrated in Figure 4.

Input k Y
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Figure 4. Structure of the proposed Pose-Guided Network with the Adaptive L2 Regularization
(PGNet-AL2).

Global Branch: This branch takes the original image as input and extracts global
features using ResNet-152. The global branch outputs a 2048-dimensional feature vector
Dgjobal- As mentioned earlier, the original image contains excessive background information
that may cause the model to develop a certain dependence on the background. However,
in practical applications, some contextual information (such as habitat type and vegetation
characteristics) contains valuable discriminative clues that can help improve recognition
accuracy. Therefore, this paper does not eliminate all background information but retains a
small amount of scene information.

Posture-Guided Branch: This branch employs pose keypoint information to achieve
fine-grained feature extraction at the body part level. Through a semantic alignment
mechanism, it maps corresponding body parts across different individuals into a unified
feature space, guiding the network to focus on the lateral stripes of Amur tigers while
suppressing background interference. Specifically, based on the detected 10 limb keypoints,
we crop 6 local regions: 4 regions from the 2 hind limbs and 2 regions from the 2 forelimbs.
Each region undergoes feature extraction via an independent ResNet-34. To reduce number
of parameters and enhance feature representation, after feature extraction up to layer 3,
we fuse semantically related feature maps: combining features from regions 1 and 2, and



Diversity 2025, 17, 853

7 of 17

regions 3 and 4, yielding two sets of fused features. Subsequently, these two sets of fused
features and the features from regions 5 and 6 are processed through the final convolutional
layer of four separate networks, yielding four 512-dimensional vectors. These are finally
concatenated to form the 2048-dimensional feature vector Dpose-

Accordingly, the PGNet-AL2 network consists of three core modules: the global
branch, the pose-guided branch, and the adaptive L2 regularization. For the ATRW dataset,
we employ the complete PGNet-AL2 network. Given the relatively small size of the snow
leopard dataset (30 individuals), adaptive L2 regularization was incorporated into the
re-identification network design for snow leopards, ultimately yielding a 2048-dimensional
feature vector Dg)opa-

2.2.2. Loss Function

To fully leverage the complementarity of multi-branch features and prevent the net-
work from degenerating into reliance on a single branch, this paper proposes a joint
supervision strategy. The global branch feature Dyjqpa) is fused with the local branch fea-
ture Dpose to obtain the fused feature Zg,. This yields two levels of feature representations:
the global feature Dgjopa) and the fused feature Zgp. For these two feature representations,
the following supervision loss function is designed:

ID Loss: Assign an independent classifier to supervise each feature representation.
Specifically, for features Dgjoba; and Zgp, they are each mapped to k-dimensional logits
vectors through a fully connected layer:

z=Wf+b (1)

where W € RF*4 ig the weight matrix, b € RK is the bias vector, f represents the feature
vector (Dgjobal OF Zgp), and k is the number of classes.

Subsequently, the Softmax function is applied to transform the logits vector into a
probability distribution: § = Softmax(z) = (§1,72,...,Jk). Finally, the cross-entropy
loss is computed between the predicted probability distribution § and the true labels

y=1[1y2 vl

Leg(w E yilog(¥:) Z yilog (Z : ) (2
i=1

i=1

where w contains all learnable parameters of the network.
Measuring learning loss: Apply a hard triplet loss to Dgjoba1 and Zgp, respectively:

Lyi(w) = max(0,dy(w) — dy(w) 4 margin) 3)

where d) is the Euclidean distance between the anchor sample and the most difficult
positive sample (i.e., the same-identity sample that is farthest from the anchor) in the batch,
dp is the Euclidean distance between the anchor sample and the closest negative sample
(i.e., the different-identity sample that is nearest to the anchor) in the batch.

The margin is a predefined threshold that defines the minimum required separation
between dj, and d;, (Figure 5). Without this margin constraint, the model may trivially satisfy
the loss by compressing all embeddings into a small region where d;, is only marginally
larger than d), failing to learn meaningful feature representations. By enforcing a sufficient
margin, the model is compelled to learn discriminative embeddings with adequate inter-
class separability in the feature space.
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Figure 5. Illustration of batch hard triplet loss with and without margin. White and black circles

/ i no margin d/d margin Id d,
<= /n‘ | — ”
“ e e —0

denote positive and negative samples, respectively. Larger circles highlight the most difficult positive
sample (white) and the closest negative sample (black).

The overall objective function comprises four loss terms to ensure that each branch
learns collaboratively rather than relying solely on a single factor, formulated as follows:

Liota1 () = LCE_Dyjppy + LCE_7g, +2Ltri_Dyjopy +2Ltri_z,, 4)

Given that individual re-identification is fundamentally a metric learning task, we
assign a higher weight to the triplet loss to emphasize learning discriminative embeddings
in the feature space. The cross-entropy loss provides auxiliary supervision for feature
learning through classification.

2.2.3. Introduction of Adaptive Regularization

During network training, L2 regularization effectively enhances model generalization
by constraining neural network parameters and introducing a penalty term to the loss
function. The scarcity of available samples for Amur tigers and snow leopards makes
it challenging to construct large-scale datasets comparable to those used in pedestrian
re-identification. Therefore, employing regularization techniques to prevent overfitting is
crucial when training neural networks on such small-sample data.

L2 regularization achieves parameter constraints by introducing a penalty term into
the objective function:

Lregularized(w) - Ltotal + A 2 ||wl| |2 (5)

Here, n denotes the number of distinct parameters in the neural network, and
Lregularized (w) represents the complete objective function with the addition of an L2 reg-
ularization term. The set w = {w;|i = 1,...,n} encompasses all learnable parameters
of the model, where each element w; takes the form of a scalar, vector, matrix, or 4D
tensor. For instance, the weights of a convolutional layer constitute a 4D tensor, while
the bias represents a 1D vector, each corresponding to distinct w; within the set w. ||w;]|3
denotes the square of the L2 norm of parameter w;, with parameter A € R controlling the
regularization strength.

Standard L2 regularization imposes a uniform constraint on all parameters in the
network, with the parameter A remaining constant throughout training. The optimal
value of the hyperparameter A relies on manual tuning for determination. In practical
applications, different layers of a network often require varying degrees of regularization
intensity. For instance, weaker regularization may be applied to shallow layers, while
stronger regularization is applied to deep layers. To achieve this, the hyperparameter A can
be generalized into dedicated coefficients for each weight w; in the network:

n
Lregularized (w) - Ltotal 2 A ||wl| |2 (6)
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However, ResNet152 comprises 152 layers with multiple parameter types in each layer
(such as convolutional kernels, batch normalization parameters, and fully connected layer
weights). Since each parameter type in each layer requires an independent regularization
factor A;, manual adjustment of hundreds of A; values is clearly infeasible. Therefore, this
paper adopts the adaptive L2 regularization proposed in [32], treating all A; as learnable
parameters that adapt to w;:

n

Lregularized (w) = Ltotal(w) + Z(Af(ei) ‘ ‘wz| |§) @)
i=1

The hyperparameter A € R, provides global control over the regularization strength,
preventing excessively large individual coefficients from disrupting the training process.
0; € Ry{i=1,2,...,n} represents trainable scalar variables. The hard sigmoid activation
function f(6;) ensures that regularization coefficients remain non-negative, expressed as:

0, 91' S Cc
f(6:) =11, 0; > c ®)
0;/(2c) + 0.5, otherwise

2.2.4. Optimization Methods

Data Augmentation: (1) This paper performs horizontal flipping on training set photos
to generate new instances, doubling the dataset size to twice the original quantity; (2) An
augmentation strategy combining geometric transformations with color space transfor-
mations is applied. Random rotation enhances the model’s robustness to pose variations,
while color dithering simulates diverse lighting conditions and camera settings by ran-
domly adjusting brightness, contrast, saturation, and hue. These augmentation techniques
significantly enhance training data diversity, effectively preventing model overfitting.

Label smoothing: The true label y = [y1, 2, . . . yk] is a one-hot vector. During the pro-
cess of minimizing the loss function LCE, it guides the network to converge the probability
toward 1 for correctly predicted categories and toward 0 for incorrectly predicted categories.
This ultimately leads the network to produce extreme logit values, where the logit for the
correct category methods positive infinity and the logit for the incorrect category methods
negative infinity. Extreme logit values cause the model to become overconfident and lack
generalization ability. Therefore, this paper introduces a label smoothing operation with
hyperparameter « € R, where the true label is transformed as follows:

o

yi=1-Byi+ 5 )

Dropout: Deep neural networks contain a large number of trainable parameters, while
the training samples for wildlife re-identification tasks are relatively limited. This mismatch
between parameter scale and sample size can easily lead to model overfitting on the training
data. To mitigate this issue, this paper introduces Dropout regularization. During the
forward propagation process, Dropout randomly sets the activation outputs of neurons
to zero with probability p, preventing the network from becoming overly dependent on
specific combinations of neurons.

The learning rate scheduling employs a two-stage “warm-up and decay” strategy:
First, during the warm-up phase, the learning rate linearly increases from 0.00025 to 0.0025
over the initial 25 training epochs. This method stabilizes gradient updates during early
training, preventing parameter oscillations caused by an excessively high initial learning
rate. Subsequently, the decay phase commences. After the warm-up concludes, the learning
rate is multiplied by a decay factor of 0.5 every 80 training epochs. By periodically reducing
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the learning rate, the model progressively refines its parameter configuration, accelerating
training convergence.

3. Results

This experiment was implemented using the PyTorch 1.13.1 deep learning framework
on a workstation equipped with two NVIDIA GeForce RTX 3090 GPUs (24 GB memory
each). Model training was conducted over 210 epochs with a batch size of 64, utilizing
DataParallel for distributed training across both GPUs. The average training time per epoch
was 127.262 s, achieving a processing speed of 27.2 samples per second. For adaptive L2
regularization, the hard sigmoid function parameters were set to ¢ = 1.0 and A = 0.005.

3.1. Evaluation Metrics

This paper employs two standard re-identification evaluation metrics:

1.  Cumulative Matching Characteristics (CMC). Suppose the query set contains N sam-
ples, and the gallery set contains M samples. For a given query sample g, there are
m ground truth matches (i.e., samples with the same ID) in the gallery. The retrieval
results are ranked in descending order of similarity as:{g1, g2, ..., gm}. For each query
g, the Rank-k indicator is defined as:

CMCq (k) = 1, if a correct match appears within top-k -
0, otherwise
The Rank-k accuracy is computed by averaging over all queries:
1 N
N 11

We report Rank-1, Rank-5, and Rank-10 accuracies as standard evaluation metrics.
2. Mean Average Precision (mAP). We first define a binary indicator function é(k):

1, if the item at rank k is a correct match
5(k) = (12)
0, otherwise

The precision at rank k is defined as:

1k
P(k) = £} 4(0) (13)

The Average Precision (AP) for a single query is computed as:

1 M
APy = - k; P(k) - 5(k) (14)

Finally, the mean Average Precision (mAP) is obtained by averaging AP over all
N queries:

1 N
7=1

CMC measures whether any correct match appears within the top-k results, treating
the query as successful if at least one same-identity sample is ranked in the top-k posi-



Diversity 2025, 17, 853

11 of 17

tions.contrast, mAP is more stringent, as it evaluates the overall quality by considering the
ranking positions of all correct matches in the retrieval list.

3.2. Comparison with Existing Methods

Table 2 shows the performance comparison results of applying the proposed PGNet-
AL2 model against other existing methods into the ATRW dataset. It can be seen that the
proposed PGNet-AL2 achieves optimal performance in single-camera scenarios, with a
mAP of 91.4%, surpassing PPGNet by 0.7 percentage points and PPbM-b by 18.5 percentage
points. Rank-1 and Rank-5 accuracy rates reach 98.9% and 99.7%, respectively, demonstrat-
ing the model’s strongest recognition capability under a single viewpoint. In cross-scene
scenarios, PGNet-AL2 achieves an mAP of 71.3%, with Rank-1 and Rank-5 accuracy rates
of 95.4% and 97.7%, respectively. Its performance in this setting also stands out among
numerous methods, demonstrating enhanced robustness to variations in viewpoint, light-
ing, and background. Figure 6 illustrates four randomly selected query samples and their
retrieval results.

Table 2. Performance comparison with state-of-the-art methods on the ATRW dataset (%). Bold
values indicate the best performance.

Single-Cam Cross-Cam
Methods
mAP  Top-1 Top-5 mAP Top-1 Top-5

CE [23] 59.1 78.6 92.7 38.1 69.7 87.8
Aligned-relD [23] 64.8 81.2 92.4 44.2 73.8 90.5
PPbM-a [23] 741 88.2 96.4 51.7 76.8 91.0
PPbM-b [23] 72.8 89.4 95.6 47.8 77.1 90.7
ResNet50+IFPM+LAEM [25]  78.7 96.3 98.9 — — —
ResNet50+ViT+MGN [26] 83.4 92.3 94.9 43.6 79.4 85.7
PPGNet(re-rank) [24] 90.6 97.7 99.1 72.6 93.6 96.7
PGNet-AL2(ours) 91.3 98.9 99.7 71.3 95.4 97.7

For snow leopard recognition, mAP reached 94.5%, with Rank-1 and Rank-5 accu-
racy at 98.6% and 98.9%, respectively. This demonstrates that the proposed PGNet-AL2
model achieves strong recognition performance even on datasets with poor image quality
(e.g., motion blur, exposure issues, low resolution, severe occlusions), proving its excel-
lent transferability.

Figure 6. Visualization of retrieval results for four randomly selected query samples.

Notably, our method demonstrates advantages in both computational efficiency and
theoretical contribution. The streamlined dual-branch architecture allows inference using
only the global branch, reducing computational cost. Beyond empirical gains, this work
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systematically introduces adaptive regularization to wildlife re-identification, providing
a principled approach to mitigating overfitting under limited data—a critical challenge
for endangered species. While the mAP improvement appears modest (0.7 percentage
points), it represents a 7.4% relative error reduction (from 9.4% to 8.7%). In endangered
species monitoring where each correct identification impacts conservation decisions, this
improvement offers significant practical value.

The exceptional performance of the proposed re-identification method stems from
the synergistic effects of the following factors: (1) Dual-branch fusion enhances feature
discriminability. The global branch captures overall appearance features, providing global
semantic information and complete contour characteristics to model macroscopic features
such as body shape and overall stripe patterns. In the pose-guided branch, we fully
leverage the pose point information provided by the ARTW dataset to achieve local region
alignment, extracting pose-invariant, fine-grained discriminative features that enhance
learning of the animal’s intrinsic texture. This multi-level feature representation and fusion
enables the network to simultaneously learn discriminative information from macro to
micro scales. (2) Due to the scarcity of samples in wildlife datasets, networks are prone to
memorizing specific patterns in training data. The adaptive L2 regularization proposed in
this paper effectively addresses model overfitting and enhances generalization capabilities.

3.3. Ablation Experiment

To validate the effectiveness of each module, this paper designed systematic ablation
experiments. Using the global branch with standard L2 regularization as the baseline model,
we progressively added components and analyzed their contributions. Tables 3 and 4
present detailed ablation results on the ATRE and Snow Leopard datasets, respectively.
To further analyze the model’s decision-making basis, this paper introduces Gradient-
weighted Class Activation Mapping (Grad-CAM) technology [33] to generate attention
heatmaps, visualizing the key regions the model focuses on during the feature extraction
stage. Additionally, histograms of adaptive regularization factor distributions across
parameters post-training were presented, confirming the adaptive mechanism successfully
implemented differential constraints on varying parameters.

Table 3. Ablation experiments with the global branch as baseline on the ATRW dataset (%). Bold
values indicate the best performance.

Single-Cam Cross-Cam
Methods
mAP Top-1 Top-5 mAP Top-1 Top-5
Baseline 88.9 95.1 97.7 69.7 92.0 97.1
+Pose Guided 89.9 97.7 99.1 69.5 88.0 96.0
+Pose Guided+AL2 91.3 98.8 99.7 71.3 95.4 97.7

Table 4. Ablation experiments with the global branch as baseline on the Snow Leopard dataset (%).
Bold values indicate the best performance.

Single-Cam
Methods
mAP Top-1 Top-5 Top-10
Baseline 92.7 97.4 98.4 98.6
+AL2 94.5 98.6 98.9 99.5

Figure 7a, 7b, and 7c show the attention heatmaps generated by the Baseline, Base-
line+Pose Guided, and Baseline+Pose Guided+AL2 network architectures, respectively. As
observed in Figure 7a, the baseline model primarily focuses on background areas rather
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than the target individuals themselves. As mentioned earlier, due to the significant vari-
ability in natural shooting environments, the model tends to rely on background cues
for recognition. However, the key feature for individual Amur tiger recognition should
be the stripe pattern on its flanks. This excessive reliance on background cues results in
weak generalization capabilities. As demonstrated in Figure 1c, distinguishing different
individuals becomes extremely challenging when they appear in similar backgrounds.

Figure 7b demonstrates that after incorporating pose information, the model success-
fully redirects attention toward stripe features, significantly reducing reliance on back-
ground information. However, the model’s focus remains overly concentrated within small
local regions, failing to fully utilize stripe information across the entire body side. This
limitation constrains its generalization capabilities.

Figure 7c demonstrates that introducing adaptive L2 regularization (AL2) significantly
expands the model’s attention scope, enabling it to capture lateral stripe features more com-
prehensively. This improvement effectively enhances the model’s generalization capability,
as evidenced by the corresponding increase in mAP scores.

The ablation experiments validated the effectiveness of each module from both quanti-
tative and qualitative perspectives. Quantitatively, the incremental addition of components
consistently improved performance. Qualitatively, heatmaps visually demonstrated the
evolution of the model’s focus areas across different module combinations. Specifically,
the introduction of local branches successfully redirected the model’s attention from back-
ground areas to the lateral stripes. Building upon this, the addition of adaptive L2 regular-
ization further expanded the model’s focus on stripe features, enabling it to utilize lateral
stripe information more comprehensively. This mechanism of shifting feature attention
from local to global effectively enhanced the model’s generalization capability, ultimately
reflected in a significant improvement in recognition accuracy.

Figure 7. Gradient-weighted Class Activation Mapping (Grad-CAM) attention heatmaps for ablation
study. (a) Baseline: attention concentrated on background. (b) +Pose Guided: attention shifted to
stripe patterns but overly localized. (c) +Pose Guided+AL2: expanded attention coverage capturing
comprehensive body stripe features.

4. Discussion

To objectively evaluate the performance of the proposed PGNet-AL2 network, this
section conducts a systematic comparison with representative methods employing different
technical approaches. Experimental results demonstrate that the proposed method achieves
91.3% mAP on the ATRW dataset and 94.5% mAP on our custom snow leopard dataset,
exhibiting notable advantages over mainstream works in recent Amur tiger and snow
leopard re-identification research.
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4.1. Comparison with Traditional CNN Methods

In the ATRW benchmark established by Li et al. [23], their PPbM method obtained
77.1% mAP. Liu et al. [24] proposed the three-branch PPGNet, improving performance
to 90.6%. Building upon their pose-guided concept, this study implements critical im-
provements: streamlining to a two-branch architecture and introducing an adaptive L2
regularization mechanism. Unlike PPGNet’s fixed regularization parameters, PGNet-AL2
dynamically adjusts regularization strength according to training progression, enabling
the model to better adapt to pose variations in wild environments. The 0.7 percentage
point improvement over PPGNet (91.3% vs. 90.6%) suggests that in wildlife scenarios
with limited samples, the adaptive mechanism can contribute to improved generalization
compared to traditional fixed architectures.

4.2. Comparison with Transformer-Based Methods

Bai et al. [26] applied Transformers to wildlife re-identification, with their ViT-MGN
model achieving 83.4% mAP on ATRW. The proposed CNN-based method leads by 7.9 per-
centage points (91.3% vs. 83.4%), a gap that can be explained from two perspectives:

The first is the data efficiency issue. The moderate scale of the ATRW dataset makes
it difficult to fully exploit the representational capacity advantages of Transformers. In
contrast, the pose-guided CNN architecture provides inductive biases more suitable for
small-sample scenarios through explicit modeling. The second is the difference in model-
ing approaches. The proposed method explicitly incorporates pose keypoints to achieve
semantic-level alignment, while Transformers rely on self-attention mechanisms to implic-
itly learn spatial relationships. Under the pose diversity and occlusion scenarios character-
istic of wildlife data, the explicit modeling strategy demonstrates stronger robustness.

4.3. Effectiveness Analysis of Adaptive Regularization

The aforementioned comparative methods share a common limitation: they adopt
fixed regularization schemes that cannot dynamically adapt to the inherent heterogeneity
of wildlife data. The adaptive L2 regularization mechanism proposed in this study fills
this gap. This mechanism assigns differentiated constraint strengths to individual network
weights based on training status, achieving fine-grained control at the parameter level.

Figure 8 presents a histogram of regularization factor distribution at the end of training
(bin width: 0.0001). Taking convolutional layer parameters as an example, their regulariza-
tion factors exhibit a notably dispersed distribution within the range of 0.0004-0.0016: the
peak occurs at 0.0012 (33 parameters), while the intervals 0.001 and 0.0011 contain 20 and
27 parameters, respectively. This distribution pattern indicates that even for structurally
identical parameters, the adaptive mechanism can independently optimize regularization
strength according to their distinct roles in feature learning. This phenomenon provides em-
pirical support for the necessity and effectiveness of dynamically adjusting regularization
strength across different network layers and parameter types.

351 [Jkernel 33 80 ,_7% [ gamma 140 13 [ beta
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Figure 8. Distribution histogram of adaptive L2 regularization factors at the end of training (bin
width = 0.0001). The dispersed distribution demonstrates that the adaptive mechanism successfully
assigns differentiated regularization strengths to individual parameters based on their characteristics.
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In summary, the performance improvements achieved by PGNet-AL2 stem from the
synergistic effect of two aspects: first, the inherited and refined pose-guided two-branch
architecture provides effective structural priors; second, the adaptive regularization strategy
specifically designed for wildlife data characteristics enhances the model’s generalization
capability. This combined strategy offers an effective solution for wildlife re-identification
tasks characterized by limited samples and high pose variation.

5. Conclusions

This study has proposed PGNet-AL2, a pose-guided network with adaptive L2 regular-
ization, to address key challenges in endangered feline re-identification under limited data
conditions, including pose variations, background interference, and sparse samples. The
research hypothesis—that integrating pose-guided semantic alignment with adaptive regu-
larization can improve feature representation quality and model generalization—has been
validated through comprehensive experiments on both ATRW and snow leopard datasets.

A parallel network architecture comprising a global branch and a pose-guided branch
was designed. The global branch captures overall appearance features through full-image
convolutions; the pose-guided branch performs semantic alignment of body parts based
on key point information, eliminating background interference to focus on the animal’s
intrinsic texture and extract local features. Feature fusion from both branches generates
a representation that integrates both global and local details. To address the issue of
weak network generalization due to sparse samples in wild endangered feline datasets, an
adaptive L2 regularization strategy was proposed. This mechanism dynamically adjusts the
regularization factor based on training progress, assigning appropriate constraint strengths
to each network weight. To further improve robustness, we employ data augmentation
strategies including horizontal flipping, random rotation, and color dithering, combined
with label smoothing and dropout regularization techniques.

Experimental results on the ATRW dataset demonstrate that this method effectively
mitigates network overfitting: mAP reaches 91.3%, surpassing the existing state-of-the-art
by 0.7 percentage points. The successful transfer to the snow leopard re-identification
domain, achieving 94.5% mAP, validates the effectiveness of the proposed approach for con-
structing re-identification systems for endangered wild felines. Ablation studies confirm the
contribution of each component. Heatmap visualizations clearly illustrate how the model’s
attention shifts across different patches: the local branch guides focus to stripe regions
on the body side, while the adaptive L2 regularization expands the stripe attention area,
thereby further enhancing the model’s discrimination capability and recognition accuracy.

Furthermore, using only the global branch during inference significantly speeds up
processing, making the method more suitable for practical applications. This study provides
an effective technical solution for wildlife re-identification, offering significant practical
value for monitoring and conserving Amur tiger and snow leopard populations.
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