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Abstract

Individual tiger re-identification using camera traps is essen-
tial for effective, non-invasive wildlife monitoring. However,
severe data scarcity and quality issues, such as sparse views,
occlusions, and lighting variations, result in insufficient data
for training robust re-identification models. While synthetic
data generation offers a promising solution to training data
scarcity, traditional 2D generative models (e.g., Stable Dif-
fusion) fail to accurately capture both tiger pose and their
surface-asymmetric stripe patterns. This leads to inconsistent
biometric representations across different viewing angles. We
introduce a novel framework leveraging image-to-360° video
foundation models to synthesize rotation-consistent volumet-
ric tiger biometrics. We present Syn-Tiger-360 — the first
synthetic dataset for animal re-identification, featuring 518
high-fidelity tiger videos with consistent stripe patterns. Ex-
tensive experiments demonstrate that Re-ID models trained
on synthesized tiger data can be directly applied to real-
world tiger re-identification. This work opens new perspec-
tives that generative foundation models can be utilized to ad-
vance wildlife monitoring, highlighting promising avenues
for future ecological applications.

1 Introduction
Wildlife conservation faces unprecedented challenges in the
era of accelerating biodiversity disappearance. This is par-
ticularly true for endangered apex predators (Krofel and Je-
rina 2016; Stier et al. 2016), such as tigers (Panthera tigris),
which require urgent, technologically advanced interven-
tions (Seimon et al. 2013; Seidensticker 2010). Non-invasive
monitoring, achieved through the use of camera traps and
computer vision, has emerged as a promising approach to
wildlife conservation (Caravaggi et al. 2017; Schneider et al.
2019; Christin, Hervet, and Lecomte 2019). Modern tech-
nology can now routinely automate the classification (Tabak
et al. 2019; Norouzzadeh et al. 2021; Willi et al. 2019) and
detection (Song et al. 2024; Tan et al. 2022) of different
species. Animals like tigers can be well recognized with cur-
rent state-of-the-art classification models (Tan et al. 2022).
However, the successful monitoring of tiger populations re-
lies critically on animal re-identification (Re-ID), a process
that enables individual-level tracking (Li et al. 2019). This
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capability could provide essential data such as population
dynamics, territory ranges, survival rates, and anthropogenic
threats (Schneider et al. 2019; Čermák et al. 2024; Wahltinez
and Wahltinez 2024).

While reliable individual-level Re-ID is paramount for ac-
curate wildlife monitoring, achieving robust Re-ID in the
wild remains critically challenging due to severe data lim-
itations (Lou et al. 2019; Zhong et al. 2018). The central
impediment is the extreme paucity of diverse, high-quality
visual data collected under real-world field conditions via
camera traps. Camera traps inherently operate in challeng-
ing environments characterized by uncontrolled lighting,
frequent occlusions, vegetation obstructions, and severely
limited field of view (Newey et al. 2015). Moreover, apex
predators like tigers inherently exist at very low population
densities in the wild, drastically reducing potential encoun-
ters (Seimon et al. 2013; Seidensticker 2010; Ordiz et al.
2021). Consequently, the scarcity of high-fidelity data di-
rectly undermines the performance of Re-ID models, as
these models require abundant data to achieve robust per-
formance and generalization.

To address the problem of data scarcity, the most common
solution is to generate more training data, thereby enhanc-
ing the performance of trained models (Akkem, Biswas, and
Varanasi 2024; Pezoulas et al. 2024) with synthesized data.
Fingerprints serve as unique biometric representations for
individual identification. However, samples for specific in-
dividuals remain scarce. Methods (Maltoni et al. 2009; Cap-
pelli, Maio, and Maltoni 2002) are proposed to address this
data limitation by synthesizing more fingerprints, thereby
improving the capability of the model. Tiger stripes func-
tion as uniquely identifying biometric signatures, analogous
to human fingerprints (Hiby et al. 2009). To address the chal-
lenge of data limitations, a natural and intuitive approach
is to synthesize more tiger images with different stripe pat-
terns as training data via image generative foundation mod-
els (e.g., Stable Diffusion (Rombach et al. 2022; Podell et al.
2024)).

However, this naive attempt fundamentally fails to
capture the essential biometric traits of wildlife. Tiger
stripe patterns simultaneously occupy two lateral planes;
these identity-critical patterns are distributed asymmetri-
cally across the left and right flanks, exhibiting non-mirror-
symmetric configurations with intricate topological inter-
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Figure 1: (a) Identified individual Amur tigers from the Northeast China Tiger and Leopard National Park, captured by camera
traps (Wang et al. 2020b). (b) Tigers generated by the Stable Diffusion model. Unlike real-world tigers, these synthesized
isolated images are impractical for training Re-Id models as they lack multi-view information of an individual tiger.

dependence (Reddy and Aravind 2012; Zuffi, Kanazawa,
and Black 2018). As shown in Fig. 1, synthesizing iso-
lated 2D images catastrophically simplifies this complex
spatial reality. In the real world, stripes of tigers undergo
continuous three-dimensional deformation. Naive 2D gen-
erative solutions (Podell et al. 2024; Rombach et al. 2022)
are unable to simulate this spatially coherent transforma-
tion process. These isolated 2D images contain spurious
stripe discontinuities, falsified topological connections, and
perspective-inconsistent biometric representations of indi-
viduals (Burghardt and Campbell 2007). Consequently, Re-
ID models trained on such synthetically augmented data ex-
hibit poor real-world generalization due to the significant fi-
delity gap between synthetic images and real-world data.

To bridge this fundamental gap, we propose a paradigm
shift from isolated 2D synthesis to comprehensive 3D rep-
resentation. Unlike conventional methods that generate iso-
lated viewpoints, our approach aims to create 360° biomet-
ric representations of tigers by leveraging recent advances
in image-to-video foundation models (Singer et al. 2022;
Yang et al. 2024; Wu et al. 2023). We adapt an image-to-
video foundation model (Wan et al. 2025) using a pre-trained
LoRA module (Hu et al. 2022) specialized for 360° rotation
effects. This enables dynamic viewpoint synthesis without
species-specific retraining. Our solution transforms 2D tiger
images into volumetric biometric representations that pre-
serve stripe pattern consistency across viewpoints and main-
tain topological relationships during transitions. The synthe-
sized models naturally simulate dynamic occlusions/defor-
mations during perspective changes, capturing continuous
3D spatial transformations of stripes – achieving pose cov-
erage unattainable with 2D pipelines.

Building upon this framework, we further introduce Syn-
Tiger-360 - the first synthesized dataset comprising 518
360° tiger videos. Each video synthesizes complete stripe
pattern variations across dorsal, lateral, and transitional body
regions through full-body rotations. Experimental results
demonstrate that models trained on Syn-Tiger-360 achieve

significant gains in Re-ID, validating the efficacy of our 3D
synthesis paradigm for wildlife biometrics. In summary, the
contributions of this work can be summarized as:

• A novel data synthesis paradigm that integrates large
generative foundation models, solving animal re-ID
training data scarcity by providing high-fidelity training
samples for robust re-identification models.

• The first synthetic dataset for wildlife biometrics - Syn-
Tiger-360, featuring 518 high-fidelity 360° tiger videos
capturing the complete stripe pattern across the entire
body. This dataset fills the critical gap in high-quality
training data for endangered species monitoring.

• Extensive experimental results demonstrate the capabil-
ity of our framework in real-world tiger re-ID.

2 Background
2.1 Generative Foundation Models
Generative foundation models exhibit remarkable capabili-
ties in creating diverse, high-fidelity data. Latent Diffusion
Models (LDMs), pioneered by Stable Diffusion (Rombach
et al. 2022), represent a paradigm shift in image synthesis.
By operating efficiently in compressed latent spaces, it en-
ables high-resolution image generation conditioned on se-
mantic inputs like CLIP text embeddings (Radford et al.
2021), forming the backbone of modern text-to-image syn-
thesis.

These generative capabilities extend robustly into
the video domain. Pre-trained video foundation mod-
els (Blattmann et al. 2023; Wu et al. 2023; Lin et al. 2024a,b;
Wan et al. 2025) demonstrate powerful spatiotemporal rep-
resentation learning. By effectively leveraging techniques
such as temporal attention layers and 3D convolutions on
their LDM backbone, these models achieve compelling
image-to-video synthesis, capable of generating diverse, dy-
namic scenes. Nonetheless, a key limitation persists: con-
ventional approaches typically lack inherent, explicit 3D



scene understanding, which often manifests as visual in-
consistencies during viewpoint changes, such as object ro-
tations. Building upon this strong pre-trained representation
capability, recent advances address the challenge of gener-
ating coherent multi-view sequences. 360° Synthesis Tech-
niques harness the power of foundation models by apply-
ing specialized fine-tuning strategies. For instance, meth-
ods like (Cai et al. 2024) integrate geometric priors, lever-
aging the existing generative prowess of diffusion models
to produce consistent rotation sequences from single im-
ages. Specifically exploiting the rich representations of pre-
trained video diffusion models, our approach leverages Low-
Rank Adaptation (LoRA) (Hu et al. 2022) fine-tuning on
datasets of rotating 360° video clips. This lightweight adap-
tation tailors an existing 360°-capable video diffusion ar-
chitecture, enabling precise control over continuous rotation
patterns around subjects while maintaining topological co-
herence. This is crucial for generating biometrically consis-
tent circumferential views of complex subjects (i.e., tigers,
zebras, and etc.).

2.2 Animal Re-Identification
Animal re-identification (Re-ID) constitutes a critical foun-
dation for wildlife conservation by enabling individual-level
monitoring (Li et al. 2019; Ye et al. 2024). Accurately track-
ing individuals facilitates research on animal movement,
migration patterns, population dynamics, and social behav-
ior, providing indispensable data for managing endangered
species, habitats, and biodiversity (Schneider et al. 2019).
Current Re-ID methods leverage species-specific visual bio-
metrics, such as zebra stripes (Lahiri et al. 2011), penguin
ventral spots (Noboru, Ozasa, and Tanaka 2024), and tiger
flank patterns (Shukla et al. 2019; Liu, Zhang, and Guo
2019; Cheng et al. 2020; Liu et al. 2019).

Tiger Re-ID fundamentally depends on unique stripe
patterns—biometric identifiers exhibiting asymmetric bi-
lateral distribution with non-mirror-symmetric topological
interdependence (Hiby et al. 2009; Zuffi, Kanazawa, and
Black 2018). This contrasts sharply with human Re-ID,
where standardized benchmarks provide dense multi-pose
data (Zheng et al. 2015, 2017), while wild tigers inherently
suffer from severe pose-limited data scarcity due to low pop-
ulation densities and camera-trap constraints (Newey et al.
2015). Consequently, pose variations catastrophically dis-
rupt identification accuracy: Partial feature alignment net-
works (Liu, Zhang, and Guo 2019; Yu et al. 2019) fail
without adequate training diversity, texture matching across
poses (Shukla et al. 2019), and field 3D capture remains
impractical (Hiby et al. 2009). Bridging this gap requires
large-scale datasets that capture the real-world complexity
of pose, which are essential for translating re-ID research
into effective conservation practices. However, traditional
synthetic data—including diffusion models (Rombach et al.
2022; Podell et al. 2024; Sun et al. 2025)—only compounds
these issues by generating isolated 2D samples with spuri-
ous stripe discontinuities and perspective-inconsistent arti-
facts that violate topological integrity (Burghardt and Camp-
bell 2007). This emphasizes the importance of a comprehen-
sive 360° biometric representation as it delivers complete

biological fidelity, resolving the fragmented approximations
endemic to 2D synthesis paradigms. Therefore, we leverage
recent generative foundation models to synthesize tiger sam-
ples with comprehensive 360° biometric representation, ef-
fectively bridging this fundamental gap.

3 Method
Our approach establishes a sequential text-to-image-to-3D
pipeline(Fig. 2) that overcomes the viewpoint limitations
of conventional 2D generation by leveraging state-of-the-art
generative foundation models. The methodology consists of
two integrated stages that transform textual descriptions of
tiger stripes into comprehensive, 3D-consistent representa-
tions of individual tigers.

3.1 Synthesizing 2D Tiger Images
The initial stage utilizes Stable Diffusion v2.1 (Podell et al.
2024) to transform structured textual descriptions of tiger
stripe patterns into 1024×1024 pixel reference images. Nat-
ural language prompts specify defining characteristics (e.g.,
“A tiger stands still, captured in a standard profile side view,
in wildlife photography. Complete body from tail to head.
The body and head are horizontal.”). We generate images
using DDIM sampling (Song, Meng, and Ermon 2021) with
classifier-free guidance (Ho and Salimans 2021), formalized
by the conditioned reverse diffusion process:

xt−1 =
1

√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t, τθ(y))

)
+ σtz (1)

where ϵθ is the denoising network, τθ(y) denotes text
embeddings, ᾱt =

∏t
s=1 αs, σt controls stochasticity and

z ∼ N (0, I). Topological consistency emerges from learned
priors:

∇x log pθ(xt|y) = − 1√
1− ᾱt

ϵθ(xt, t, τθ(y)) (2)

ensuring coherent stripe structures without explicit con-
straints.

3.2 Synthesizing 360° Tiger Videos
To extend 2D representations into 3D-consistent sequences,
we utilize a video diffusion foundation model designed ex-
plicitly for temporal synthesis. This approach learns implicit
3D consistency from large video datasets, preserving unique
stripe identities across rotation angles while maintaining in-
dividual characteristics.

We apply a generative image-to-video foundation
model, enhanced with rotation-specific LoRA adaptation.
The model jointly synthesizes all video frames V =
[v(1), . . . ,v(K)] via:

Vt−1 =
1

√
αt

(
Vt −

1− αt√
1− ᾱt

ϵθ(Vt, t, τ(I0))

)
+ σtZ.

(3)
Viewpoint consistency is ensured through rotation-specific
LoRA (Hu et al. 2022) adaptation:

W′ = W +BA⊤, A,B ∈ Rd×64, (4)
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Figure 2: Creation Pipeline of Syn-Tiger-360 Dataset.

Classification Re-Identification

Train Test Train Test Real-world Test
Query Gallery Query Gallery

Num. of Tigers 518 (syn) 466 (syn) 52 (syn) 12 (real) 12 (real) & 52 (syn)
Imgs. per Tigers 48 12 64 2 8 2 8

Table 1: Dataset splitting details of Syn-tiger-360.

which are trained on rotational sequences, this adapta-
tion module enforces continuous stripe flow while preserv-
ing identity-specific patterns. The resulting 360° sequences
maintain consistent anatomy and unique stripe configura-
tions across all viewpoints, capturing the complete 3D struc-
ture of individual tigers.

3.3 Implementation Details
Our pipeline was executed within the ComfyUI workflow
management framework1, leveraging its node-based archi-
tecture to integrate specialized components. For the text-to-
image stage, we implemented a custom parsing module that
processes structured stripe descriptions, using Stable Diffu-
sion v2.1 (Podell et al. 2024) at a resolution of 1024×1024
with 50-step DDIM sampling and classifier-free guidance
(CFG) (Ho and Salimans 2021) scale 7.5 to maintain stripe
fidelity.

The generative foundation base model Wan2.1-14B2 is
used for video generation. A 360 Degree Rotation Effect
LoRA3 is used to augment the base model. The LoRA was
trained for 20 epochs in rotational video sequences and acti-
vated using the trigger in textual prompts. We applied the
default parameters, including a LoRA strength of 1.0, an
embedded guidance scale of 6.0, and a flow shift of 5.0,
to optimize stripe consistency during rotation. The low-rank
adaptation operated with weight matrices A,B ∈ Rd×64

(where d denotes layer dimension), implementing the pa-
rameter transformation W′ = W + ∆W = W + BA⊤

1https://github.com/comfyanonymous/ComfyUI
2https://huggingface.co/Wan-AI/Wan2.1-I2V-14B-480P
3https://huggingface.co/Remade-AI/Rotate

while freezing original weights W during inference.
The workflow configuration utilized a modified version

of Kijai’s Wan Video Wrapper4, which incorporated a dedi-
cated LoRA node, sequentially chaining text prompt encod-
ing (including rotation triggers), stripe-constrained image
generation, and multi-view video synthesis. This arrange-
ment outputted 16-frame sequences at a 512 × 512 reso-
lution, maintaining temporal coherence through specialized
attention blocks tuned to an attention scale of 1.2 for en-
hanced stripe persistence across rotation angles. All experi-
ments were run on one NVIDIA A100 GPU, following the
base model hyper-parameters except for temporal adjust-
ments that ensured continuous pattern flow throughout 360°
rotations. The workflow implementation directly incorpo-
rated the default configuration for seamless LoRA integra-
tion.

4 Experimental Results
We introduce a paradigm shift for wildlife data scarcity:
generating 360° biometric representations using genera-
tive image-to-video models. Unlike traditional 2D meth-
ods, which fail to model complex stripe morphology, our
approach produces consistent patterns essential for re-
identifying wildlife animals. We further establish Syn-Tiger-
360 — the first synthetic dataset for 360° biometric rep-
resentation of wildlife, thereby facilitating enhanced tiger
monitoring and paving the way for more comprehensive fu-
ture research.

In the subsequent subsections, we systematically examine
two key dimensions of the introduced method: (1) enforcing

4https://github.com/kijai/ComfyUI-WanVideoWrapper

https://github.com/comfyanonymous/ComfyUI
https://huggingface.co/Wan-AI/Wan2.1-I2V-14B-480P
https://huggingface.co/Remade-AI/Rotate
https://github.com/kijai/ComfyUI-WanVideoWrapper


Figure 3: Synthesized 360° biometric representation of tigers. From top to bottom, each group contains multi-view images of a
synthesized tiger.

Backbone @Top1 Acc. @Top5 Acc. F1 Score Precision Recall

Resnet-50 (He et al. 2016) 0.9768 0.9966 0.9762 0.9809 0.9781
Resnet-101 (He et al. 2016) 0.9773 0.9971 0.9723 0.9754 0.9761

ConvNeXtbase (Liu et al. 2022b) 0.9686 0.9957 0.9650 0.9727 0.9677
ConvNeXtlarge (Liu et al. 2022b) 0.9986 1.0000 0.9987 0.9989 0.9988
ViTbase (Dosovitskiy et al. 2021) 0.9532 0.9942 0.9421 0.9500 0.9485
ViTlarge (Dosovitskiy et al. 2021) 0.9860 0.9990 0.9781 0.9798 0.9815

Swin-Tbase (Liu et al. 2021) 0.9730 0.9957 0.9671 0.9745 0.9701
Swin-Tlarge (Liu et al. 2021) 0.9747 0.9976 0.9678 0.9727 0.9692
BEiTbase (Bao et al. 2022) 0.9513 0.9889 0.9429 0.9510 0.9489
BEiTlarge (Bao et al. 2022) 0.9363 0.9937 0.9302 0.9426 0.9377
DeiT (Touvron et al. 2021) 0.9667 0.9957 0.9646 0.9701 0.9685

Table 2: Classification results on syn-tiger-360 test-set.
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Figure 4: Re-identification results on syn-tiger-360 Re-id test-set. The green and red color denotes true and false match.
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Figure 5: Re-identification results on Real-world test-set. The green and red color denotes true and false match.

360° topological consistency for biometric fidelity through
validated stripe coherence (Sec. 4.1), (2) boosting real-world
wildlife re-identification through training re-ID models on
syn-tiger-360 dataset (Sec. 4.2).

4.1 Synthesized 360° Biometric Representation
Conventional 2D generative models (e.g., Stable Diffusion)
fundamentally fail to model holistic stripe topology across
the animal’s form, yielding disconnected views with severe
discontinuities and perspective artifacts (Fig. 1) that distort
critical re-identification features and obscure true morpho-
logical understanding. Leveraging the generalization capa-
bilities of large foundation models (Podell et al. 2024; Wan
et al. 2025), we achieve zero-shot synthesis of 360° eco-
logical signatures of tigers despite scarce 3D training data,
producing full rotational videos (Fig. 3). This capability di-
rectly addresses the critical bottleneck of data scarcity in
wildlife monitoring, generating high-fidelity, 3D-consistent
representations essential for robust biometric analysis.

Through the generational prior of foundation models,
Syn-Tiger-360 possesses the feature of simulating consis-
tent stripe deformation across dorsal and lateral planes. This
transcends technical improvement to address a biometric ne-
cessity: tiger stripes constitute intrinsic 3D signatures that
require relational continuity across viewpoints (Reddy and
Aravind 2012). Critically, these synthetically generated 360°
representations provide detailed insights into the complex
3D morphology and genuine biometric variance of tiger
pelage patterns, surpassing the limitations of sparse and

fragmented real-world data.

4.2 Real-World Tiger Re-Identification
This research introduces a novel paradigm for generating re-
liable training data to build robust wildlife re-identification
models. By synthesizing 3D-consistent volumetric represen-
tations of tiger, we overcome critical limitations in wildlife
monitoring, where real-world data is inherently scarce and
fragmented. The detailed splitting of the dataset is presented
in Table 1. We comprehensively evaluate the utility of Syn-
Tiger-360 through three core experiments. First, classifica-
tion tasks on synthetic tigers validate that deep networks can
discern distinct biometric identities, as demonstrated in Ta-
ble 2. Second, we evaluate the re-identification performance
within the synthetic domain across diverse rotational view-
points using multiple backbones (Dosovitskiy et al. 2021;
He et al. 2016), with quantitative results detailed in Table 3.
Third, for real-world validation, we experiment on 12 iden-
tified Amur tigers from Northeast China Tiger and Leop-
ard National Park (Wang et al. 2020b), utilizing models pre-
trained on Syn-Tiger-360 to extract discriminative features
(Table 4).

Experimental results confirm the efficacy of our approach.
Synthetic tigers exhibit exceptional biometric distinctness,
evidenced by 99.86% top-1 classification accuracy (Table 2).
Crucially, synthetic re-identification achieves 99% rank-1
accuracy under rotational variations (Table 3), confirming
viewpoint robustness unattainable with 2D data. Models pre-
trained on Syn-Tiger-360 substantially enhance real-world



Backbone Rank-1 Rank-2 Rank-3 mAP IDF1

ResNet (He et al. 2016) 0.9615 0.9903 1.0000 0.8358 0.7254
DensenNet (Huang et al. 2017) 0.9711 0.9903 1.0000 0.8376 0.7350

Swin-T (Liu et al. 2021) 0.9615 1.0000 1.0000 0.8588 0.7435
Swin-T-v2 (Liu et al. 2022a) 0.9903 1.0000 1.0000 0.8185 0.7168
HR-Net (Wang et al. 2020a) 0.9711 0.9903 1.0000 0.8333 0.7286
Convnext (Liu et al. 2022b) 0.9615 0.9711 0.9807 0.8186 0.7115

Table 3: Re-identification results on syn-tiger-360 dataset test-set. Please note that this evaluation is conducted on the tigers
from the test-set, which are not used for training the Re-ID model.

Backbone Rank-1 Rank-2 Rank-3 mAP IDF1

ResNet (He et al. 2016) 0.9736 1.0000 1.0000 0.5735 0.4928
DensenNet (Huang et al. 2017) 1.0000 1.0000 1.0000 0.5830 0.4980

Swin-T (Liu et al. 2021) 0.9473 0.9473 0.9473 0.5912 0.4998
Swin-T-v2 (Liu et al. 2022a) 0.9210 0.9473 0.9473 0.5235 0.4380
HR-Net (Wang et al. 2020a) 0.9473 1.0000 1.0000 0.5593 0.4668
Convnext (Liu et al. 2022b) 0.9736 1.0000 1.0000 0.5845 0.5034

Table 4: Re-identification results on Real-world tiger re-id test-set (12 real tigers and 52 synthesized tigers). These tiger indi-
viduals from the test set were not used for training the Re-ID model.

tiger re-identification, yielding up to 100% rank-1 accuracy
and 58.3% mAP improvement as quantified in Table 4.

To visually validate the reliability of our re-identification
system, we present qualitative retrieval results in Fig. 4 for
synthetic tigers and Fig. 5 for real-world tigers. These ex-
amples demonstrate consistent matching of query images to
the correct gallery identities, even across challenging view-
point changes and partial occlusions. It is important to note
that all queries are performed on test-sets, which are strictly
separated from the training data (as detailed in Table 1).
This ensures the evaluation reflects the model’s general-
ization to unseen individuals. These results further validate
the ability to accurately match individuals against gallery
databases, underscoring the operational utility of our ap-
proach in field conservation scenarios. The collective evi-
dence confirms that re-identification models trained on our
synthetic tiger data can be effectively and directly applied to
real-world tiger conservation efforts.

5 Conclusion
This work addresses the critical data scarcity crisis in
wildlife conservation by establishing a novel 360° gener-
ative paradigm for endangered species monitoring. By in-
tegrating image-to-360° video foundation models with spe-
cialized adaptation techniques, we generate volumetric tiger
representations that preserve topological stripe consistency
across all viewpoints, overcoming the fundamental limita-
tion of 2D synthesis methods, which fail to capture com-
plex spatial relationships in biometric patterns. The result-
ing Syn-Tiger-360 dataset provides the first comprehensive
resource for 360° wildlife biometrics, enabling robust re-
identification models validated through real-world deploy-

ment on endangered Amur tigers. Crucially, this framework
extends beyond tigers to other striped species, establishing
a transformative approach for non-invasive population mon-
itoring where viewpoint variation and topological integrity
determine conservation efficacy.
Limitations and Future Work While this paper represents
a novel method to advance wildlife monitoring, two core
limitations warrant consideration. First, it generates rota-
tion sequences in controlled settings, lacking natural behav-
iors like walking or crouching that reflect real-world con-
ditions (Schneider et al. 2019). Second, performance gains
shown in controlled benchmarks need validation with real
camera-trap data, which often includes occlusions and envi-
ronmental noise.

To address these, we propose three research directions.
First, using text-to-video or 3D decoupling methods could
enable synthesis of dynamic, behaviorally realistic se-
quences. Second, hybrid pipelines combining Syn-Tiger-
360 with sparse real-world images could enhance ecologi-
cal relevance while maintaining biometric accuracy. Third,
collaboration with conservation societies could create chal-
lenge datasets from real tiger sightings, establishing stan-
dardized evaluation protocols to bridge the simulation-
to-field gap. Future work could also incorporate species-
specific priors, such as tailored LoRAs (Hu et al. 2022), to
refine details like fur texture and movement patterns while
preserving 360° viewpoint consistency.
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