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 a b s t r a c t

Automated animal re-identification (Re-ID) has become an essential tool for wildlife ecology, conservation man-
agement, and precision livestock farming. Recent progress in deep representation learning, transformer archi-
tectures, multimodal learning, and vision-language modeling has accelerated the development of scalable, non-
invasive systems for identifying individuals across images and videos. This survey provides a comprehensive 
review of animal Re-ID research published between 2020 and 2025, encompassing 41 peer-reviewed works. 
We propose a structured taxonomy of animal Re-ID methods and provide an integrated analysis of approaches, 
datasets, and evaluation practices. We also highlight persistent challenges, including domain shift, temporal vari-
ability, annotation scarcity, and inconsistent evaluation protocols, and outline broad future research directions 
toward universal, temporally robust, and ecologically meaningful animal Re-ID systems. This survey provides a 
unified foundation for advancing robust and deployable solutions in the coming decade.

1.  Introduction

Accurate identification of individual animals is fundamental to 
wildlife conservation, ecological research, and sustainable livestock 
management. Traditional methods, such as physical tagging or manual 
photo cataloging by experts, are resource-intensive, invasive, and scale 
poorly when applied to large or widely dispersed populations [1,2]. 
Consequently, automated animal re-identification (Re-ID), particularly 
through advances in computer vision and deep learning, has emerged as 
a transformative tool, enabling non-invasive and scalable tracking from 
images and videos [3–5].

In the context of computer vision and deep learning, Re-ID refers 
to recognizing the same individual across different images or video se-
quences, often captured at different times, viewpoints, devices, or envi-
ronments. This objective differs from species classification or detection 
because identities must be matched within a species. Early Re-ID re-
search focused on human surveillance [6], resulting in extensive bench-
marks and architectures optimized for person Re-ID [7,8]. These stud-
ies established robust techniques for feature extraction, metric learn-
ing, and domain adaptation, e.g., Rami et al. [9], Bak and Carr[10], Wu 
et al. [11], Li et al. [12]. However, directly transferring these advances 
to animals is nontrivial.

Animal Re-ID poses unique challenges that limit the direct transfer 
of human Re-ID methods. Unlike humans, animals lack consistent visual 
markers such as clothing or accessories, exhibit greater pose variability, 
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and are often observed in unconstrained natural environments. Their 
images can show strong intra-class variation due to pose, viewpoint, illu-
mination, seasonal changes, occlusion, and background clutter [13–15]. 
Datasets are typically smaller, long-tailed, and expensive to annotate, 
and open-set conditions where new individuals appear over time are 
naturally common, yet many existing models perform poorly under 
such scenarios [16–18]. Beyond these environmental and observational 
challenges, animals also undergo intrinsic biological changes, such as 
growth, molting, seasonal coat variation, and aging, which introduce 
appearance shifts independent of viewpoint or environmental factors. 
Combined with habitat clutter and limited training data, these biological 
variations further complicate the task, making animal Re-ID inherently 
difficult.

Historically, automated animal Re-ID evolved from expert-driven 
photo-catalogue matching and handcrafted visual descriptors toward 
learned visual embeddings. Early computer-assisted systems relied 
on contour matching and local invariant features tailored to spe-
cific species [3]. Although these methods demonstrated the feasibil-
ity of automated Re-ID, they remained constrained by species speci-
ficity and limited generalization. With the maturation of deep rep-
resentation learning, recent research has explored a broader set of 
strategies. State-of-the-art (SOTA) pipelines predominantly rely on con-
volutional and transformer-based architectures (e.g., [19,20]), typi-
cally paired with metric-learning objectives to construct discrimina-
tive embeddings (e.g., [13,21]). Beyond these foundations, pose-aware, 
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pattern-based, and geometric-consistency models improve robustness 
under extreme viewpoint and appearance variation [13,21–23], while 
temporal architectures integrate video cues for more stable represen-
tations [15,16,24,25]. Additional work investigates domain adaptation 
and cross-dataset generalization [18,19,26], few-shot learning [27] to 
mitigate annotation scarcity, and self-supervised [28] or unsupervised 
methods [29] that eliminate reliance on identity labels. Multimodal ap-
proaches incorporate metadata, pose or orientation cues, thermal im-
agery, or vision-language alignment [18,30–32], and semi-automated 
systems integrate human-in-the-loop feedback for greater reliability un-
der open-set conditions [33]. In some settings, Re-ID is embedded within 
larger tracking or video-association frameworks (e.g., [34]). Collec-
tively, these advances reflect a shift toward more robust, scalable, and 
generalizable animal Re-ID systems by addressing the limitations out-
lined above.

These methodological developments are closely tied to the availabil-
ity of diverse datasets spanning wildlife and agricultural contexts, which 
provide the empirical foundation for evaluating and comparing animal 
Re-ID systems. In wildlife-focused automated Re-ID, curated datasets ex-
ist for species such as sea turtles [17], manta rays [35], polar bears [36], 
yaks [37], and insects, including honeybees [16] and bumblebees [38], 
capturing diverse fine-grained identity cues in natural imagery. In agri-
cultural applications, automated Re-ID supports herd management, wel-
fare monitoring, and productivity analysis, with representative datasets 
covering Holstein cows [28,39], cattle Re-ID in farm environments [30], 
and pig Re-ID benchmarks [19,34].

From a benchmarking perspective, most automated animal Re-ID 
studies still focus on a single species (e.g., [29,36]), reflecting the ecolog-
ical and agricultural settings in which datasets are typically collected. 
While species-specific datasets enable targeted analysis, they also risk 
encouraging texture memorization and limit the assessment of how well 
models generalize beyond the conditions in which they were trained. Al-
though early multi-species Re-ID efforts have appeared (e.g., [22,40]), 
models are still typically trained and evaluated separately for each 
species. Even benchmarks that combine multiple datasets [4,41] rarely 
include evaluation protocols that test whether a model trained on one 
species (or one dataset) can successfully identify individuals from an-
other. As a result, the field still lacks systematic assessments of cross-
species and cross-dataset generalization. Only recently has it become 
feasible to move toward unified Re-ID models that operate across multi-
ple species, including previously unseen categories. This shift is driven 
by visual-language models (VLMs) and multimodal large language mod-
els (MLLMs) [18], which enable prompt-based adaptation and species-
agnostic representation learning.

Building on these developments in methodology, datasets, and 
benchmarking practices, this survey reviews research progress in au-
tomated animal Re-ID from 2020 to 2025; a period marked by rapid 
advances in deep learning, multimodal modeling, and evaluation re-
sources. We provide an integrated analysis of methods, datasets, and 
emerging benchmarking frameworks, highlight persistent challenges, 
and outline key research directions to guide future work toward more 
robust, scalable, and generalizable animal Re-ID systems.
The contributions of this survey paper are as follows.

• We systematically analyze recent animal Re-ID methods in depth, 
detailing their architectures, learning formulations, and technical in-
novations.

• We organize the field along five methodological axes, providing a 
unified framework for comparing approaches in feature representa-
tion, metric learning, temporal modeling, multimodal integration, 
and alternative training regimes.

• We review all major animal Re-ID datasets, categorizing them into 
four habitat-based groups, and analyze their species coverage, scale, 
annotation types, capture conditions, and evaluation protocols.

• We critically compare existing benchmarking frameworks, including 
evaluation protocols, toolkits, and cross-species benchmarks, and an-

alyze their strengths, limitations, and implications for standardiza-
tion.

• Based on limitations in current methods, datasets, and benchmarks, 
we identify key challenges and outline future priorities for advancing 
robust, generalizable, and ecologically grounded animal Re-ID.

The remainder of this paper is organized as follows. Section 2 in-
troduces the conceptual foundations of animal Re-ID, including key 
terminology, problem definitions, and distinctions from person Re-ID. 
Section 3 describes our survey methodology and outlines the central 
research questions guiding this work. Section 4 presents a high-level 
methodological landscape, organizing recent approaches according to 
feature representation, metric learning, temporal modeling, multimodal 
integration, and alternative learning regimes. Section 5 provides a de-
tailed review of state-of-the-art (SOTA) methods. Section 6 surveys an-
imal Re-ID datasets and benchmarking resources, grouped by habitat 
and acquisition context, and analyzes their annotation types, evalua-
tion protocols, and public availability. Section 7 synthesizes major chal-
lenges and open problems encountered across methods, datasets, and 
evaluation practices. Section 8 outlines future research directions and 
recommendations. Finally, Section 9 concludes the survey.

2.  Foundations of animal re-ID

Accurately identifying individual animals is essential in both eco-
logical research and agricultural management. Traditionally, this has 
relied on manual or physical identification techniques. In agricultural 
settings, farmers use ear tags and electronic identifiers [42–44], while 
wildlife researchers depend on radio/GPS collars, PIT tags, or expert-
curated photo catalogues that record distinctive morphological fea-
tures [45–48]. These approaches provide reliable identity labels, which 
are then applied to photographs collected during routine monitoring, 
forming the annotated image datasets that underpin automated ani-
mal Re-ID studies [19,28,30,34,39]. Building on these labeled visual 
datasets, automated animal Re-ID has emerged as an interdisciplinary 
problem at the intersection of computer vision, ecology, and behav-
ioral science, aiming to recognize individuals across images or video 
sequences in a non-invasive manner [3].

Before the recent wave of transformer-based and multimodal ap-
proaches, automated animal Re-ID evolved through several founda-
tional stages spanning ecology, classical computer vision, and early 
deep learning. Early photo-identification systems in wildlife research 
date back to the 1990s, when semi-automated pipelines were devel-
oped to assist manual identification of individuals based on distinc-
tive morphological patterns. For example, Whitehead [49] introduced 
computer-assisted matching of sperm whale flukes, demonstrating the 
feasibility of contour-based identification in ecological monitoring. Sim-
ilar approaches relied on expert-curated catalogs of dorsal fins, pelage 
patterns, or facial features, often requiring manual landmark annotation 
and domain expertise.

Subsequently, classical computer vision techniques were adopted to 
reduce manual effort. Handcrafted feature descriptors such as SIFT [50] 
and SURF were combined with geometric verification and database re-
trieval frameworks [3]. These pipelines extracted affine-invariant lo-
cal features and aggregated them using techniques such as bag-of-
visual-words or Fisher vectors, enabling scalable matching for patterned 
species. However, they were typically species-specific, sensitive to illu-
mination and deformation, and required careful parameter tuning.

The introduction of deep convolutional neural networks (CNNs) 
marked a significant paradigm shift. Inspired by advances in person Re-
ID, researchers began adopting Siamese architectures and triplet-loss-
based metric learning to learn discriminative embeddings directly from 
data. As reviewed in Ravoor and T.s. b.[3], early deep-learning-based 
animal Re-ID systems focused primarily on single-species settings and 
CNN backbones, often adapting human Re-ID pipelines with minimal 
architectural modification. These methods improved robustness to pose 
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and viewpoint variation but remained largely species-specific, single-
modal, and limited in cross-dataset generalization. Collectively, these 
foundational works established the transition from handcrafted biomet-
rics to learned visual embeddings, setting the stage for the methodolog-
ical diversification observed after 2020.

While early deep learning-based approaches borrowed architectural 
principles from person Re-ID, the two domains differ substantially in 
data regimes, sources of variation, and evaluation practice. Person Re-
ID (most commonly studied as pedestrian Re-ID [51,52]) benefits from 
large multi-camera benchmarks with abundant identities, frequent re-
appearances, and rapid intra-session changes, where intra-class varia-
tion is mainly driven by external factors such as pose, clothing, illumi-
nation, or occlusion [7,53,54]. In contrast, animal Re-ID typically op-
erates with far fewer identities, sparser observations, and data collec-
tion protocols driven by ecological or farming constraints [3–5,40,55]. 
Moreover, it must contend with intrinsic biological changes over time 
such as growth, molting, and seasonal coat variation, as well as habitat 
clutter, severe domain shifts, and a wide range of morphologies across 
species. These factors make animal Re-ID inherently more complex and 
elevate transferability as an important concern, necessitating rigorous 
benchmarking protocols to evaluate generalization and operational re-
liability.

2.1.  Existing surveys on automated animal re-ID

To date, only one dedicated survey has systematically examined 
automated animal Re-ID: the work of Ravoor et al. [3]. Their survey 
reviews deep-learning-based approaches up to mid-2020, focusing on 
multi-species Re-ID, connections to animal tracking, and parallels with 
person Re-ID, with particular emphasis on cross-camera scenarios. It also 
integrates insights from the tracking literature and identifies open-set 
identification as an important future direction. At the time of its pub-
lication, the field was dominated by CNN-based architectures, species-
specific datasets, and single-modal pipelines. Transformer-based mod-
els, attention mechanisms, multimodal approaches, including VLMs and 
MLLMs, and universal cross-species Re-ID frameworks had not yet ap-
peared for animal Re-ID. Since then, the methodological landscape has 
evolved considerably: new datasets and benchmarks have been released, 
evaluation protocols have diversified, and datasets have become larger, 
more complex, and increasingly time-aware. These developments mo-
tivate our survey, which reviews research progress from 2020 to 2025 
and highlights emerging directions such as cross-species generalization, 
transferability, multimodal modeling, and visual-language integration.

In addition to this early animal-focused survey, a more recent 
work [56] provides a broader overview of transformer-based approaches 
across multiple Re-ID domains, including person, vehicle, object, and an-
imal Re-ID. However, its coverage of animal Re-ID is necessarily brief, 
organizing methods primarily around global body images, key local re-
gions, and auxiliary cues. As acknowledged by the authors, transform-
ers are still seldom explored in animal Re-ID, and the survey covers 
only a limited set of methods and datasets. Due to its timing and focus, 
it does not include several studies and emerging directions that have 
gained prominence more recently, including CNN-based approaches, 
novel strategies beyond traditional metric learning, unsupervised and 
self-supervised Re-ID, domain adaptation, and multimodal Re-ID with 
visual-language integration. It also does not address newer evaluation 
paradigms, such as time-aware evaluation, cross-species generalization, 
and unified networks capable of handling any animal species. In con-
trast, our survey provides a comprehensive and detailed review of these 
recent developments, emphasizing methodological novelties, first-time 
implementations, and limitations for each animal Re-ID approach.

3.  Survey methodology

Our survey follows a structured multi-stage screening pipeline, sum-
marized in Fig. 1. We conducted a database search in Scopus covering 

the period January 2020 to September 2025. The query was applied to 
the title, abstract, and keyword fields and included both hyphenated 
and non-hyphenated variants of “animal re-identification”, as well as 
terminology commonly used in ecological literature (e.g., “individual 
identification”). The search was restricted to the Computer Science sub-
ject area to reduce irrelevant documents. After duplicate removal, the 
retrieved records were manually screened.

A publication qualified for inclusion if it examined automated ani-
mal Re-ID using images or videos as the primary modality, with optional 
additional modalities (e.g., metadata, text, or alternative imaging tech-
nologies), and if its main objective was the identification of individual 
animals using machine/deep learning techniques. Importantly, studies 
primarily centered on animal detection or tracking, where Re-ID served 
only as a secondary component (e.g., [57,58]), were considered out of 
scope. This filtering ensures that the final set of works reflects advances 
in automated, model-based identification rather than manual identifi-
cation or ecological analysis alone.

Following the screening and selection process, the collected papers 
were grouped into three categories based on their contributions: (a) 
Methods: works proposing new architectures or learning formulations for 
animal Re-ID, including, for example, CNNs-based, transformer-based 
architectures, metric learning, and multimodal learning; (b) Datasets:
papers introducing new animal Re-ID datasets in e.g., wildlife, zoo, 
farm, or small-species contexts, typically providing identity annota-
tions, metadata, and defined evaluation splits; (c) Benchmarks and Toolk-
its: papers proposing evaluation protocols, unified toolkits, or cross-
species benchmarks that standardize preprocessing, dataset loading, 
splitting strategies, and performance assessment across multiple existing 
datasets. Some works span multiple categories, for example, by propos-
ing a new method while releasing a new dataset, or by combining a 
benchmark protocol with baseline model evaluations.

3.1.  Decoding methods, datasets and benchmarks

In reviewing the methodological contributions of animal Re-ID stud-
ies, we adopt a structured, in-depth approach that goes beyond sum-
marizing high-level ideas. For each work, we explain its relevance to 
our survey, analyze technical contributions in detail, and highlight the 
core takeaway. This includes the underlying architectures or learning 
formulations, the problem settings addressed (e.g., images or videos, 
single- vs. multi-species), and the innovations introduced, such as new 
algorithms, post-processing strategies, evaluation protocols, as well as 
limitations and weaknesses. This comprehensive methodological review 
enables our survey to systematically capture novelties, first-time imple-
mentations, and practical implications of each approach, providing re-
searchers with detailed insights into SOTA techniques and identifying 
gaps for future exploration.

For papers introducing datasets and benchmarks, we follow a simi-
larly structured and detailed review strategy. Beyond summarizing the 
dataset, we critically examine key characteristics that are relevant for 
animal Re-ID research. These include the species covered, the number of 
individual animals, the type of environment where data were collected 
(e.g., wild, zoo, underwater, or internet-sourced), the number of images 
or videos, the time span over which data were gathered (ranging from 
days to multiple years), and whether the dataset spans multiple locations 
or events. We also consider practical aspects such as public availability 
and any accompanying metadata or standardized splits. This approach 
allows our survey to provide a comprehensive understanding of exist-
ing resources, highlighting strengths, limitations, and opportunities for 
future dataset development in animal Re-ID.

This survey is guided by several key questions: i) which architectures 
and learning paradigms have been proposed for animal Re-ID; ii) what 
problem settings are studied in the literature, and what technical chal-
lenges arise in each; iii) what novel algorithms, modeling strategies, and 
evaluation protocols have emerged since 2020; iv) what strengths, limi-
tations, and practical weaknesses characterize existing methods; v) what 
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Fig. 1. Survey methodology pipeline, illustrating the staged process of database querying, screening, eligibility assessment, and final categorization of included 
papers.

species, environments, dataset scales, and annotation types are covered 
by available datasets, and to what extent these resources are standard-
ized and publicly accessible; vi) what methodological and technological 
trends, as well as emerging research directions, can be observed; vii)
what benchmarking frameworks and evaluation toolkits exist, and how 
they support reproducibility and standardized assessment; and viii) how 
current methods can be organized into a coherent taxonomy that clari-
fies the methodological landscape of animal Re-ID.

4.  Animal re-ID method landscape

This section provides a high-level overview of the methodologi-
cal landscape in automated animal Re-ID from 2020 to 2025. Recent 
progress in this field has produced a diverse ecosystem of approaches, 
driven by challenges such as data scarcity, information fusion, domain 
shift, annotation costs, and the need for robust and transferable systems. 
We organize this landscape along five aspects: (1) feature representa-
tion (4.1), (2) metric learning (4.2), (3) video and temporal modeling 
(4.3), (4) multimodal learning (4.4), and (5) alternative or additional 
training regimes (4.5). Feature representation encodes visual character-
istics into discriminative embeddings. Metric learning defines how these 
features are compared and structured in the embedding space. Video 
and temporal modeling leverage sequential information to improve ro-
bustness under motion, occlusion, and pose variation. Multimodal learn-
ing expands the information sources beyond raw appearance, integrat-
ing complementary cues such as pose, motion, or text. Alternative or 
additional training regimes explore self-supervised, unsupervised, and 
domain-adaptive strategies that enhance scalability and generalization. 
These categories are not mutually exclusive; many studies integrate mul-
tiple paradigms, but they provide a useful conceptual structure for or-
ganizing the field. Fig. 2 provides a visual summary of this taxonomy 
and illustrates representative animal datasets across major habitats.

4.1.  Feature representation

Techniques for extracting discriminative and invariant embeddings 
from animal imagery, including CNNs, transformer/attention models, 
and pose- or pattern-aware architectures, are foundational for repre-
senting animal identity under real-world shifts (e.g., pose, illumination, 
species, background). In the context of feature representation, three pri-
mary families of methods can be highlighted:
CNN-based. Convolutional architectures augmented with part-aware 
or attention mechanisms have proven effective for animal Re-ID, e.g., 
in [13,23,60], while modules such as posture-guided attention and 
Spatial Transformer Networks (STN) [61] further enhance feature ro-
bustness and discriminability under challenging scenarios, as observed 
in [27,39,62].
Transformer-based. Transformers and hybrid CNN-Transformer archi-
tectures capture long-range context and cross-view consistency that 

are less accessible to purely CNN-based Re-ID methods [20,28,30]. 
Within this family, ViT backbones enhanced with camera or site to-
kens, deformable attention mechanisms that selectively focus on the 
most informative regions, and multi-granularity feature fusion that inte-
grates representations across layers or scales further improve robustness 
to viewpoint changes, background clutter, and illumination variation. 
These transformer-driven strategies have demonstrated strong gains in 
feature quality and discriminability across diverse animal Re-ID set-
tings [24,63,64].
Local descriptors and geometry-based. Methods such as [65,66] ex-
emplify this direction by extracting distinctive local texture patches 
from the animal’s surface appearance, combining affine-invariant re-
gion detectors and deep local descriptors with geometry-consistent fea-
ture aggregation and Fisher Vector aggregation, enabling scalable Re-ID 
across taxa without species-specific retraining.

Overall, CNN-based backbones remain central to feature learning in 
animal Re-ID and are widely used across many recent approaches [13,
21,23,30,31,35,39,60,62,67]. However, cross-domain or visually het-
erogeneous habitats often benefit from pipelines that integrate local-
descriptor aggregation (e.g., keypoint or pattern-based matching) or 
attention-driven and transformer models that capture broader contex-
tual relations. In addition, geometric alignment and multi-image fea-
ture aggregation strategies further enhance identification in patterned 
species, where enforcing spatial or temporal consistency across views 
reinforces appearance-based cues.

4.2.  Metric learning

Metric learning forms a core component of animal Re-ID, where 
appropriately designed metric heads transform generic feature repre-
sentations into discriminative embedding spaces suitable for similarity-
based matching. Many animal Re-ID pipelines employ Siamese or triplet-
network architectures trained with distance-based objectives such as 
contrastive or triplet loss, often paired with semi-hard negative min-
ing to improve training stability and embedding quality [13,21,24,40,
64,68].

4.3.  Video and temporal modeling

Although most animal Re-ID research focuses on still images, several 
works and datasets leverage temporal continuity in videos to enhance 
identity embeddings, e.g., Chan et al. [16], Lamping et al. [24], Williams 
et al. [25], Yu et al. [28]. These methods use temporal cues not for ex-
plicit tracking but to stabilize representations under pose variation, oc-
clusion, or motion blur. For example, Williams et al. [25] aggregates 
information across short video segments (tracklets) to obtain more con-
sistent identity features and uses temporal constraints to merge visu-
ally fragmented tracks. Such approaches demonstrate how short-term 
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Fig. 2. Overview of the animal Re-ID landscape. (a) Methodological taxonomy summarizing recent approaches. (b) Representative examples from major animal 
Re-ID datasets [13,14,17,59], illustrating the diversity of species, habitats, capture conditions, and visual characteristics encountered.

temporal structure can improve identification without requiring multi-
camera or long-term tracking. Similarly, Yu et al. [28] illustrates how 
fusing short-term sequences from multiple cameras can strengthen iden-
tity embeddings, with both supervised and self-supervised approaches 
benefiting from the additional temporal context.

4.4.  Multimodal learning

Animal Re-ID increasingly benefits from leveraging multiple, com-
plementary sources of information. These include purely visual cues 
such as appearance, color patterns, and pose or keypoint-based features, 
as well as cross-modal signals like textual descriptions or semantic pri-
ors from language models. Integrating these modalities enables richer 
representations and often improves generalization and robustness to oc-
clusion, viewpoint variation, and domain shifts.

One prominent example is Jiao et al. [18], which proposes a uni-
versal animal Re-ID framework for unseen species that integrates visual 
prompts from image triplets with textual guidance generated by GPT-4 
through CLIP’s shared language-vision embedding space. A text-guided 
attention module refines the visual embeddings used in triplet-based 
learning, enabling strong zero-shot adaptation to novel species and es-
tablishing a new benchmark for open-world, multimodal animal Re-ID.

By contrast, several works instead fuse multiple cues derived from vi-
sual information. Perneel et al. [30] fuse complementary visual-derived 
cues: pose, behavioral metadata (e.g., standing, lying left, lying right), 
and spine orientation to achieve robust identification under varying ac-
tivities. Other studies adopt similar ideas by integrating structural or 
texture-based information: for instance, Moskvyak et al. [31] incorpo-
rates facial and body landmarks encoded as heatmaps, while works such 
as [22,35,65,66] leverage segmentation masks and pelage pattern tex-
tures.

4.5.  Alternative / additional training paradigms

Several alternative or complementary training regimes have 
emerged to reduce reliance on manual labels, improve generalization, 
and support scalable deployment in animal Re-ID.
Few-shot learning. Methods aim to identify new individuals when only 
a small number of labeled images are available per class. Wahltinez and 

Wahltinez [27] exemplify this setting by demonstrating that a metric-
learning model can be rapidly adapted to new species using only a few 
annotated examples per individual, achieving strong performance across 
both invertebrate and mammalian datasets. This illustrates the potential 
of few-shot approaches to reduce annotation effort while maintaining 
reliable identification across diverse taxa.
Self-supervised learning (SSL). SSL approaches can produce discrim-
inative embeddings for animal Re-ID without relying on full identity 
annotations. For instance, Yu et al. [28] leverages tracklet-based pseudo-
labels with the normalized temperature-scaled cross-entropy loss (NT-
Xent [69]) to train identity embeddings across multiple cameras, en-
abling accurate individual identification without directly using ground-
truth identities.
Unsupervised learning. Such methods aim to learn discriminative an-
imal embeddings without relying on any identity annotations, which 
is particularly valuable when labeling is expensive or infeasible. Zhang 
et al. [29] introduce the first unsupervised animal Re-ID method. This 
method employs feature-aware noise contrastive learning, combining 
pseudo-labeling via clustering and dual contrastive losses to encourage 
robust embeddings.
Content-based image retrieval (CBIR). Such studies adapt classi-
cal image retrieval principles to animal Re-ID, avoiding deep metric-
learning objectives entirely. For instance, Nepovinnykh et al. [22,65,66] 
exemplify this direction by combining affine-invariant local features, 
deep descriptors, and Fisher Vector aggregation to enable modular, 
training-light pipelines.
Semi-automated / Human-in-the-loop Systems. Combines man-
ual annotation (e.g., attribute coding) with automated feature ex-
traction and matching to reduce labeling effort and support the 
identification of new individuals under limited labeled data. For
example, Kulits et al. [33] provides an intuitive annotation interface and 
semi-automated matching: the system detects and crops elephants’ ears, 
extracts contour features, and presents ranked candidate matches for 
human confirmation, enabling large-scale monitoring by non-experts.
Domain Adaptation. DA in animal Re-ID is typically performed 
as unsupervised adaptation using unlabeled target data. For exam-
ple, Dubourvieux et al. [26] proposes a cumulative multi-domain adap-
tation framework that preserves source performance while improving 
specialization and generalization across multiple farms. The method in-
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Table 1 
Animal Re-ID methods by backbone, key characteristics, and multi-dataset evaluation. Abbreviations: 
ML: Metric Learning; FSL: Few-Shot Learning; SSL: Self-Supervised Learning; UL: Unsupervised Learning; 
DA: Domain Adaptation; MML: Multimodal Learning; VBR: Video-Based Re-ID; CBIR: Content-Based 
Image Retrieval; HIL: Human-in-the-Loop.
 Ref.  Backbone Key Characteristics / Learning Paradigm  Multiple

 Datasets?
 [21]  CNN ML, Siamese network, triplet loss, segmentation and pelage-pattern ×
 [35]  CNN ML, kNN matching, triplet loss, pose variance loss ✓

 [31]  CNN ML, body landmark heatmaps, center loss, triplet loss ×
 [13]  CNN ML, pose-aware feature learning, attention mechanism, triplet loss ×
 [60]  CNN ML, attention mask from Faster R-CNN [70], Cascade R-CNN [71], RetinaNet ×
 [23]  CNN ML, behavior categories (standing, sitting, lying), pose-constrained multi-

similarity loss, based on OSNet [72]
✓

 [30]  CNN ML, behavior and orientation metadata, pose-invariant matching ×
 [67]  CNN ML, lightweight, triplet loss, raw, segmented, and shape-based inputs ×
 [39]  CNN ML, global and part-based features with spatial attention ×
 [62]  CNN ML, lightweight architecture based on ShuffleNet v2 [73] and BNNeck [74] ✓

 [32]  CNN ML, lightweight Siamese framework, thermal images, knowledge distillation ×
 [64]  CNN + ViT ML, deformable attention, triplet loss with hard mining ×
 [20]  ViT ML, cross-attention, global-local feature integration ✓

 [63]  ViT ML, global ViT and part-aware multi-granularity features ×
 [24]  ViT ML, head-based transformer, semi-hard triplet mining, YOLOv5 cropping ×
 [19]  ViT ML, oriented bounding box detection ×
 [75]  CNN + ViT ML, hierarchical spatial-frequency fusion transformer with cross-attention ✓

 [68]  CNN ML, systematic benchmarking of triplet vs. Proxy-NCA [76] ✓

 [40,55]  CNN ML, benchmarking Siamese, triplet, and contrastive learning ✓

 [25]  CNN VBR, classifier-based clustering with temporal context ×
 [18]  CLIP + ViT MML, CLIP [77] and GPT-4 guided multimodal embeddings ✓

 [27]  CNN FSL, triplet loss and semi-hard mining ✓

 [28]  CNN SSL, tracklet-based pseudo-labels, NT-Xent loss [69] ×
 [29]  CNN UL, feature-aware noise contrastive learning, DBSCAN clustering ×
 [65]  CNNs CBIR, segmentation with Mask R-CNN [78], pelage-pattern extraction with U-

Net [79], affine-invariant descriptors [80,81], feature aggregation with Fisher 
Vectors

×

 [22,66]  CNN CBIR, local pattern similarity with global geometric consistency using point 
matching and homography estimation

✓

 [33]  CNN HIL, semi-automated, Faster R-CNN [70] for ear detection, CurvRank [82], ear 
contour matching

×

 [26]  CNN DA, unsupervised multi-domain adaptation with pseudo-labeling, domain-
specific batch normalization, and source-guided loss, no metric learning

×

tegrates source-guided training, domain-specific batch normalization, 
and automated clustering hyperparameter tuning, enabling scalable 
adaptation across diverse farm environments.

5.  Detailed review of the methods

This section presents an in-depth discussion of the works in each 
methodological category, highlighting their architectures, technical 
contributions, novelties, and limitations. Furthermore, Table 1 provides 
a structured overview of these studies, reporting the main methodolog-
ical components (e.g., backbone architecture, loss formulation, feature 
representations, and key components) as well as the evaluation setup, 
including whether the methods were tested across multiple datasets. 
The text follows the order of aspects from the previous section, with 
works selected based on their main contributions. The datasets, eval-
uation metrics, and data splits used in these works, as well as studies 
focused exclusively on such aspects, are detailed in the next section.

Among the earliest CNN-based Re-ID frameworks, Siamese networks 
were widely adopted to model visual similarity. For example, Nepovin-
nykh et al. [21] proposes a framework based on segmentation and pelage 
pattern matching. The pipeline first isolates the seal using DeepLab [83], 
followed by a filter-based method [84] to extract pelage patches. A 
Siamese network trained with triplet loss learns patch-level similarities, 
and a topology-aware matching step preserves spatial consistency across 
the animal’s body. Although the method demonstrates strong perfor-
mance on its target dataset, it depends heavily on accurate segmentation 
and high-quality masks for reliable deployment.

Subsequent studies explored pose-invariant solutions. Moskvyak et 
al. [35] introduce a CNN-based embedding framework that combines 

triplet learning with an additional pose variance regularization term, 
encouraging embeddings of the same individual under different view-
points to cluster tightly. In a related work, the authors incorporate body 
landmark heatmaps into feature learning to explicitly guide pose-aware 
representation [31]. By augmenting RGB inputs with landmark likeli-
hood maps and employing joint metric-learning objectives, the model 
improves robustness to viewpoint variation and visual ambiguity. While 
these approaches demonstrate notable gains over baseline CNN models, 
they are evaluated primarily on manta ray datasets, leaving cross-species 
generalization an open question.

Other approaches extended pose-awareness by incorporating ex-
plicit part-based representations under extreme viewpoint variation. Li 
et al. [13] integrate pose keypoint estimation into a deep embedding 
framework, extracting both global and part-level features guided by de-
tected body regions. By jointly training these representations with met-
ric learning objectives, the model improves robustness to pose and cam-
era variation. The method is evaluated under both manually normalized 
(“plain”) and fully automatic (“wild”) settings, consistently outperform-
ing prior baselines, although a noticeable performance drop remains in 
realistic wild scenarios.

To reduce reliance on manually annotated keypoints, subsequent 
work introduced attention-based mechanisms that automatically high-
light informative animal regions. In contrast to pose-annotated ap-
proaches such as [13], Cheng et al. [60] propose DeFAt, an additive 
masking module that leverages intermediate feature maps from standard 
object detectors to emphasize relevant animal regions during embed-
ding learning. The module improves robustness to background clutter 
without requiring explicit keypoint annotations and is compatible with 
various detection and Re-ID backbones. While it demonstrates consistent 
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gains over keypoint-based baselines, its effectiveness remains dependent 
on reliable object detection.

Building on pose- and region-aware designs, later works explicitly 
modeled posture categories to better handle intra-class variation caused 
by animal poses. He et al. [23] propose MPFNet, a posture-aware archi-
tecture that distinguishes between standing, sitting, and lying poses to 
mitigate posture-induced variation, achieving improvements over prior 
pose-guided methods on the same datasets. The framework combines 
pose-specific feature extraction with a posture discriminator that guides 
feature fusion, and introduces a pose-constrained metric learning objec-
tive to enhance intra-class compactness. Although effective in address-
ing pose diversity, the method relies on a separately trained posture 
classifier, is limited to coarse pose categories, and introduces additional 
computational overhead.

A similar idea has been explored in livestock Re-ID, where  [30] pro-
poses an orientation- and behaviour-aware embedding framework for 
Holstein-Friesian cattle, incorporating pose-related metadata into the 
matching process. By conditioning similarity comparisons on estimated 
orientation and behavioural state, the method substantially improves 
robustness to viewpoint variation in unconstrained farm environments. 
Although effective, its performance depends on reliable estimation of 
auxiliary cues and may degrade in visually uniform or low-contrast sce-
narios.

For smaller animals or insects, CNN-based models remain effective 
for feature extraction, although limited dataset size and image variabil-
ity constrain generalizability. Borlinghaus et al. [67] introduce Bum-
bleNet, a lightweight embedding framework tailored to Bombus ter-
restris, and compare raw-image, segmented-image, and shape-based in-
puts. Their results indicate that CNN-based embeddings outperform size-
based metrics, with raw-image models achieving the strongest perfor-
mance. However, reliance on raw imagery may introduce sensitivity 
to spurious cues, and the findings may not readily generalize to larger 
datasets, long-term monitoring, or other insect species.

Attention mechanisms combined with global and part-based repre-
sentations enable CNNs to better capture discriminative regions under 
challenging poses or occlusions. In this line, Chen et al. [39] introduces 
the Global and Part Feature Network (GPN) and its spatially-aware 
variant GPN-ST for cattle face Re-ID. These models jointly learn holis-
tic and local representations, while GPN-ST further integrates a spatial 
transformer module to adaptively emphasize informative regions. Even 
though attention improves feature localization, extreme poses or heavy 
occlusion can still hinder precise alignment.

Lightweight CNN architectures have also been explored to enable ef-
ficient deployment on edge devices while supporting the identification 
of new individuals without retraining. In this context, Wang et al. [62] 
proposes ShuffleNet-Triplet, a compact embedding framework based 
on ShuffleNet v2 [73] designed for resource-constrained environments. 
By combining metric learning with classification-based supervision, the 
method produces discriminative embeddings that allow query samples 
to be matched against a gallery without retraining. The framework 
demonstrates strong efficiency and competitive accuracy on livestock 
datasets. However, the method still faces challenges in distinguishing 
highly similar individuals, relies on relatively limited datasets for bench-
marking, and focuses solely on visual cues without incorporating multi-
modal information. Moreover, its robustness under diverse and uncon-
trolled farm environments remains largely untested.

Another lightweight Re-ID system is presented in Ashok Kumar 
et al. [32], combining YOLOv5-based knowledge distillation for detec-
tion with a Siamese network for individual recognition. The approach 
is evaluated on thermal imagery of elephants and achieves high accu-
racy while enabling real-time, resource-efficient deployment for wildlife 
monitoring and conflict mitigation. By leveraging thermal imaging, the 
method addresses the practical challenge of reliable animal identifi-
cation under low-visibility conditions. However, reliance on thermal 
sensors may limit applicability in environments where such equipment 

is unavailable, and the pairwise Siamese matching strategy may scale 
poorly to very large populations or complex multi-individual scenarios.

A synthesis of these CNN-based approaches shows a clear evolu-
tion from early Siamese formulations toward more specialized fea-
ture representations that incorporate spatial, structural, and contextual 
cues. Several works enhance robustness to pose and viewpoint varia-
tion through pose-aware embeddings, part-based representations, and 
attention mechanisms that focus on discriminative regions. Other stud-
ies further improve performance by integrating auxiliary information 
such as body landmarks, behavioral metadata, or orientation cues, en-
abling more reliable matching in unconstrained settings. In addition, 
lightweight CNN architectures and embedding-based retrieval frame-
works support efficient deployment and allow new individuals to be 
added without retraining. Collectively, these developments demonstrate 
that CNN-based methods can effectively capture discriminative identity 
cues while adapting to diverse animal species and application scenarios.

Despite these advances, CNN-based animal Re-ID methods exhibit 
several common limitations. Many approaches rely on additional su-
pervision signals such as segmentation masks, keypoints, landmarks, or 
metadata, making them sensitive to the quality and availability of such 
annotations. Several methods are evaluated on limited datasets or spe-
cific species, raising concerns about cross-species generalization and ro-
bustness in real-world conditions. Performance can degrade under chal-
lenging scenarios such as occlusion, extreme poses, low-quality imagery, 
or visually similar individuals. Furthermore, certain designs introduce 
additional computational overhead or depend on reliable detection and 
preprocessing steps, which may limit scalability and deployment in un-
constrained environments.

Different from CNN-based animal Re-ID, transformer architectures 
have been explored to enhance feature representations and aggregate in-
formation across multiple images. For example, Li et al. [64] presents a 
hybrid CNN-transformer framework that employs deformable attention 
to refine and fuse multi-image features for animal Re-ID. The method 
is trained with metric-learning objectives and evaluated on the ATRW 
dataset [13], where it improves performance over several earlier mod-
els. Interestingly, although transformer-based fusion is designed to em-
phasize informative regions, empirical results show that simple mean fu-
sion performs better. This observation suggests that current transformer 
fusion strategies may still require further refinement or additional su-
pervision to fully exploit feature importance.

To capture both global and local dependencies, cross-attention mech-
anisms have been explored in transformer-based animal Re-ID. Zhang et 
al. [20] propose the CATLA transformer, which introduces a hierarchi-
cal locally aware network redesign that integrates global and local token 
representations to better model animal body structure and pose varia-
tion. Evaluated across multiple species and tasks, including full-body 
and face Re-ID, CATLA achieves competitive performance and demon-
strates improved generalization across viewpoints. However, the model 
remains challenged by species with limited distinctive visual cues, such 
as chimpanzees with highly similar facial and fur patterns.

By combining global self-attention with part-level embeddings, 
transformers can capture both holistic contextual information and fine-
grained identity cues in patterned species. Bai et al. [63] investigate 
transformer-based architectures, including ViT for global feature mod-
eling, as well as the Multi-Granularity Network (MGN) [85] and the 
Neighbor Transformer (NFormer) [86]. Both MGN and NFormer were 
originally proposed for person Re-ID: MGN extracts complementary 
global and part-level representations, while NFormer explicitly mod-
els interactions across input images rather than processing a single im-
age. The study shows that a ViT+MGN integration, which combines 
transformer-based global representations with part-aware embeddings, 
improves Re-ID performance on Amur tiger datasets. However, the eval-
uation is limited to captive and camera-trap imagery, and some trans-
former variants (e.g., NFormer) require additional fine-tuning to achieve 
stable performance. Moreover, despite focusing on the same species, the 
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study does not provide a comparison with earlier attention-based ap-
proaches such as DeFAt [60].

Transformers can also be trained on specific anatomical regions to 
leverage distinctive visual cues for smaller animals. Lamping et al. [24] 
apply a ViT architecture to head-focused imagery extracted from video 
sequences of chickens, exploiting features such as combs and wattles for 
individual identification. Their experiments compare transformer mod-
els with CNN baselines and show that transformer-based embeddings 
can effectively capture discriminative head features. However, the ap-
proach focuses exclusively on head regions and may overlook informa-
tive cues from the body or plumage. Moreover, because head crops were 
manually curated and filtered using a high-confidence detector, the eval-
uation is constrained, and practical deployment would require reliable 
automatic head detection prior to Re-ID.

Orientation-aware transformer pipelines have also been explored to 
improve robustness in livestock Re-ID scenarios. Odo et al. [19] propose 
a ViT-based framework for pig identification that integrates orientation-
aware detection to align animals more accurately in top-down farm im-
agery. By using oriented bounding boxes instead of conventional axis-
aligned detections, the approach reduces background interference and 
improves identification accuracy under both open- and closed-world 
evaluation settings. This design choice proved a crucial improvement 
in performance and highlights that current CNN- and transformer-based 
Re-ID models still struggle to suppress background noise without geo-
metric alignment. Experiments across datasets collected from commer-
cial farms further demonstrate improved cross-site robustness. However, 
scalability remains limited by the small number of farms considered, and 
the method relies on accurate orientation-aware detection.

Integrating spatial and frequency information has recently been 
explored to enhance transformer embeddings for challenging cross-
species Re-ID scenarios. Zheng and Wang [75] propose a hierarchical 
spatial-frequency fusion transformer that combines spatial CNN features 
with complementary frequency-domain representations within a unified 
CNN-transformer architecture. By jointly modeling multi-scale spatial 
structure and frequency cues, the framework improves robustness to 
noise, appearance variation, and inter-species differences. Experiments 
across multiple datasets show SOTA performance and strong cross-
domain generalization, while maintaining high inference efficiency. 
However, the approach introduces additional feature extraction and fu-
sion stages, increasing architectural complexity compared with standard 
transformer pipelines.

Beyond individual designs, these transformer-based approaches 
highlight a shift toward richer feature representations that integrate 
global and local information. Compared to CNN-based methods, they 
leverage self-attention mechanisms to capture broader contextual de-
pendencies and fine-grained spatial relationships. Several works demon-
strate improved robustness to pose variation and complex appearance 
patterns, particularly when combined with multi-granularity represen-
tations. Overall, these approaches show the potential of transformer-
based models to improve representation quality in animal Re-ID.

Despite their strong performance, transformer-based animal Re-ID 
approaches present several practical challenges in real-world ecologi-
cal and agricultural settings. These models typically require large and 
diverse training datasets and benefit from pretraining, which may not 
be readily available for many species where labeled data are scarce and 
costly to obtain. In addition, their higher computational and memory de-
mands compared to lightweight CNN-based methods can limit real-time 
deployment on edge devices commonly used in camera traps, farms, 
or remote monitoring systems. Furthermore, transformer architectures 
often rely on carefully tuned training strategies and large-scale data dis-
tributions, which may not transfer well across species, habitats, or ac-
quisition conditions. These factors highlight a trade-off between repre-
sentational power and deployability that remains an open challenge for 
practical animal Re-ID applications.

Metric learning plays a central role in animal Re-ID, training net-
works to produce embeddings that bring images of the same individual 

closer while pushing apart images of different individuals. Various loss 
functions have been systematically evaluated, often in combination with 
different backbones, providing practical guidance for model selection.

For instance, Dlamini and van Zyl[68] systematically compares 
class-aware and pairwise metric-learning losses across several CNN ar-
chitectures and multiple wildlife datasets, including settings with very 
limited samples per individual. Their results show that triplet loss gen-
erally outperforms Proxy-NCA [76], although the performance gap re-
mains relatively small. While no single architecture-loss combination 
proves universally optimal, the study identifies VGG-11 with triplet loss 
as a strong baseline and offers useful benchmarking insights for metric-
learning-based animal Re-ID systems. Similarly, Schneider et al. [40] 
systematically compare Siamese and triplet-loss networks for animal 
Re-ID across multiple species. Their results show that triplet-loss-based 
models consistently outperform Siamese formulations and can achieve 
high mean average precision even for visually challenging species. The 
study highlights the generalizability of deep metric learning for animal 
Re-ID and provides practical benchmarking insights for dataset prepa-
ration and evaluation. In a follow-up study, the authors extend the com-
parison to include contrastive learning [55], again finding that triplet 
loss provides more stable and reliable performance across species.

These studies highlight the central role of metric learning in animal 
Re-ID and provide empirical guidance on the choice of loss functions 
and training strategies. Across multiple datasets and species, triplet-
loss-based formulations consistently demonstrate strong and stable per-
formance, often outperforming alternative objectives such as Siamese 
or contrastive learning. These findings reinforce the effectiveness of 
embedding-based similarity learning as a general framework for animal 
Re-ID and suggest that performance is more sensitive to data character-
istics and training setup than to specific backbone architectures.

These benchmarking studies also reveal several limitations of metric-
learning-based approaches. Performance differences between loss func-
tions are often marginal, indicating that no single formulation is univer-
sally optimal across datasets and species. In addition, metric learning 
relies on carefully constructed training samples and sufficient intra-class 
variation, which can be challenging in datasets with limited examples 
per individual. Finally, while these studies provide useful guidance un-
der controlled settings, their conclusions may not fully translate to more 
complex real-world scenarios involving domain shifts, open-set con-
ditions, or large-scale deployments. Beyond image-based approaches, 
leveraging temporal information in videos allows animal Re-ID sys-
tems to exploit motion cues and temporal consistency, improving iden-
tity tracking across frames. Williams et al. [25] introduce Classifier-
Based Clustering (CBC), a video-based Re-ID framework that combines 
appearance features with temporal constraints to assign consistent iden-
tities across tracklets. By preserving temporal information during clus-
tering rather than collapsing tracks into single representations, CBC im-
proves robustness in scenarios involving occlusion, motion blur, or inter-
actions among multiple animals. Experiments show strong performance 
compared with alternative clustering strategies, highlighting the bene-
fit of jointly exploiting spatial, temporal, and appearance cues in short 
video sequences. However, the method relies on approximate knowl-
edge of the number of individuals, incurs additional computational cost 
due to iterative clustering, and is evaluated under relatively controlled 
detection conditions.

Although relatively limited in number, video-based animal Re-ID 
approaches highlight the importance of incorporating temporal infor-
mation to complement appearance-based representations. By leverag-
ing motion cues and temporal consistency across frames, these methods 
can improve identity association in challenging scenarios such as occlu-
sion, interactions between multiple animals, and short-term appearance 
changes. This suggests that temporal modeling provides a valuable ad-
ditional signal beyond static image features for animal Re-ID.

Current video-based approaches remain limited in scope and present 
several challenges. They often rely on assumptions such as approximate 
knowledge of the number of individuals and high-quality tracking or
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detection, which may not hold in real-world deployments. In addition, 
the iterative or clustering-based formulations can introduce higher com-
putational costs compared to image-based methods. The limited num-
ber of existing studies and their evaluation under relatively controlled 
conditions further highlight the need for more extensive investigation 
of temporal modeling in diverse and unconstrained environments. Ad-
dressing the open-world animal Re-ID problem, Jiao et al. [18] intro-
duces the first universal framework for category-generalizable identifi-
cation across diverse species. The approach adopts a multimodal learn-
ing paradigm that combines visual and textual guidance to adapt to un-
seen categories. Specifically, visual prompts derived from image triplets 
are integrated with a frozen CLIP encoder [77], while textual cues 
generated by GPT-4 guide attention toward discriminative visual fea-
tures. This vision-language design enables zero-shot adaptation to novel 
species and establishes a benchmark for open-world animal Re-ID. Ex-
periments demonstrate strong cross-species generalization and superior 
performance compared with domain generalization and conventional 
Re-ID baselines. However, the framework depends on large pre-trained 
vision-language and language models, requires triplet-based prompts 
and class-level labels, and incurs additional computational overhead, 
while current evaluations rely on relatively limited open-world test 
splits.

Multimodal approaches introduce a promising direction for animal 
Re-ID by extending beyond purely visual representations. By leveraging 
joint vision-language models, these methods enable open-world identi-
fication and adaptation to previously unseen species, addressing a key 
limitation of traditional closed-set Re-ID systems. This paradigm sug-
gests that incorporating semantic information can enhance generaliza-
tion and flexibility in cross-species scenarios.

Current multimodal approaches present several practical challenges. 
They rely heavily on large pre-trained vision-language and language 
models (e.g., CLIP and GPT-4), which introduces dependencies on ex-
ternal pretrained systems. In addition, the use of prompt-based learn-
ing and auxiliary supervision increases methodological complexity and 
computational overhead. The limited number of existing studies and 
their evaluation on relatively restricted open-world settings further sug-
gest that the robustness and scalability of multimodal animal Re-ID re-
main insufficiently explored.

A few-shot learning framework that generalizes across phylogenet-
ically diverse species, from invertebrates such as sea stars to large mam-
mals, is introduced in Wahltinez and Wahltinez[27]. The method trains 
a deep embedding network using triplet loss so that images of the same 
individual map to nearby points in feature space, while different indi-
viduals are separated. Re-ID is then performed through nearest-neighbor 
search in this embedding space, allowing new individuals to be added 
to the gallery without retraining the model. Importantly, the study in-
troduces a time-aware data-splitting strategy that groups images from 
the same acquisition event to prevent temporal leakage and produce 
more realistic evaluation protocols. Extensive image augmentation and 
dropout regularization help mitigate overfitting in the few-shot setting, 
while careful hyperparameter tuning is required to achieve stable per-
formance. Although the method demonstrates strong few-shot and cross-
species generalization, practical deployment may still require initial la-
beled examples per individual and can be sensitive to hyperparameter 
choices. Performance may also degrade in highly unconstrained field 
conditions, and scalability to very large populations remains an open 
challenge.

Although still limited in number, few-shot approaches introduce an 
important direction for animal Re-ID by enabling identification with 
minimal labeled data. By learning embedding representations that gen-
eralize across species and individuals, these methods allow new iden-
tities to be incorporated without retraining, which is particularly valu-
able in ecological settings where annotation is costly. This suggests that 
few-shot learning can provide a flexible and scalable alternative to tra-
ditional fully supervised pipelines.

Current few-shot approaches also present several limitations. They 
still require at least a small number of labeled examples per individual, 
and their performance can be sensitive to hyperparameter choices and 
training conditions. In addition, robustness may degrade under highly 
unconstrained field conditions, and scalability to very large popula-
tions remains challenging. The limited number of existing studies fur-
ther indicates that the effectiveness of few-shot learning for animal Re-
ID has not yet been extensively validated across diverse datasets and
species.

For self-supervised Re-ID, Yu et al. [28] use tracklet-based pseudo-
labels to train a CNN-based embedding network with the NT-Xent con-
trastive loss [69]. The approach exploits intra-tracklet consistency to 
learn discriminative representations without requiring identity anno-
tations, while multi-camera tracklets further enhance feature quality 
for zero-label Re-ID. The learned embeddings are later evaluated with 
ground-truth cow identities to measure identification performance. Re-
sults show that both the self-supervised and supervised settings bene-
fit from multi-view integration. However, reliance on tracklets, motion 
patterns, and farm-specific interactions may limit generalizability, high-
lighting the need for cross-site validation.

Self-supervised approaches offer a promising direction for animal 
Re-ID by reducing reliance on costly identity annotations. By exploit-
ing temporal consistency and multi-view information, these methods 
can learn meaningful embedding representations without explicit labels, 
making them particularly attractive for large-scale or continuously col-
lected datasets. This suggests that self-supervised learning can provide 
a scalable alternative to fully supervised pipelines in annotation-scarce 
environments.

Current self-supervised approaches also exhibit several limitations. 
Their performance depends heavily on the availability and quality of 
tracklets, as well as consistent motion patterns and controlled acquisi-
tion settings. As a result, generalization across different farms, camera 
setups, or environmental conditions may be limited. The small number 
of existing studies further indicates that the robustness of self-supervised 
animal Re-ID remains insufficiently explored.

The method in [29] represents the first unsupervised framework for 
animal Re-ID, targeting scenarios where identity labeling is expensive or 
unavailable. Unlike person Re-ID, where unsupervised approaches are 
widely studied, this work remains one of the few attempts in the ani-
mal Re-ID domain, with comparisons primarily drawn from person Re-
ID methods adapted to animal datasets [87–90]. Their Feature-Aware 
Noise Contrastive Learning (FANCL) framework combines contrastive 
representation learning with clustering-based pseudo-label generation 
to enable training without identity annotations. By introducing feature-
aware noise perturbations and consistency constraints, the method en-
courages embeddings to capture more global identity cues rather than 
relying on local visual patterns. Experiments show that FANCL achieves 
performance comparable to supervised baselines and surpasses exist-
ing unsupervised approaches, demonstrating promising scalability for 
annotation-scarce settings. However, the approach may still overempha-
size activation-map regions at the expense of holistic context, and it has 
so far been validated only on a single species.

Unsupervised approaches represent an important direction for reduc-
ing reliance on identity annotations. By combining contrastive learning 
with clustering-based pseudo-labeling, these methods enable represen-
tation learning without manual labeling, which is particularly valuable 
in ecological scenarios where annotation is costly or infeasible. This sug-
gests that unsupervised learning has the potential to scale animal Re-ID 
systems to larger datasets and previously unstudied species.

Current unsupervised approaches remain limited in scope and 
present several challenges. Their performance depends on the quality 
of pseudo-label generation and feature consistency, which may be dif-
ficult to maintain in highly variable or noisy data. In addition, the re-
liance on clustering and auxiliary constraints can introduce sensitivity 
to dataset characteristics and training dynamics. The evaluation on a 
single species further indicates that the generalization of unsupervised 
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animal Re-ID methods remains largely unverified across diverse datasets 
and conditions.

Despite the conceptual similarity between CBIR and Re-ID, CBIR
approaches have rarely been applied to animal Re-ID. Nepovinnykh et 
al. [65] introduce NORPPA, a CBIR-inspired pipeline that exploits the 
permanent pelage patterns of Saimaa ringed seals for identification. The 
framework follows a modular retrieval pipeline in which the animal is 
first segmented, distinctive pelage patterns are extracted, and invariant 
local descriptors are aggregated to enable similarity-based matching. 
Because identification relies on descriptor retrieval rather than learned 
identity embeddings, new individuals can be added to the database 
without retraining, supporting scalable and partially human-in-the-loop 
workflows. NORPPA outperforms earlier methods such as [21]; how-
ever, its performance remains sensitive to image quality, occlusions, and 
segmentation accuracy, and the approach may transfer poorly to species 
with less distinctive or stable visual patterns.

Consequently, the NORPPA framework was extended to support 
broader cross-species applications by combining local pattern similar-
ity with global geometric consistency [22,66]. This extension integrates 
local descriptor matching with geometric verification to enforce spatial 
consistency between candidate matches. By jointly considering appear-
ance similarity and global structure, the approach improves retrieval ac-
curacy compared with earlier baselines [21,65]. However, performance 
remains sensitive to image quality and the distinctiveness of species-
specific patterns. These results highlight the potential of geometry-
aware, multi-image Re-ID pipelines for scalable wildlife monitoring.

Taken together, CBIR-based approaches offer an alternative to 
metric-learning pipelines by relying on explicit pattern descriptors and 
similarity retrieval rather than learned identity embeddings. Unlike 
metric-learning methods, which require training data and optimization 
of embedding spaces, CBIR frameworks enable direct matching and al-
low new individuals to be added without retraining. This makes them 
particularly suitable for species with stable and distinctive visual pat-
terns, where handcrafted or descriptor-based representations remain ef-
fective. These results suggest that CBIR methods can provide a com-
plementary solution to deep metric learning in specific animal Re-ID 
scenarios.

CBIR-based approaches also exhibit several limitations. Their per-
formance is highly dependent on image quality, accurate segmentation, 
and the presence of distinctive and stable visual patterns, which may 
not generalize across species. In addition, the reliance on handcrafted 
or descriptor-based representations can limit adaptability to complex 
variations in pose, illumination, and appearance. The limited number 
of studies further indicates that the scalability and robustness of CBIR-
based animal Re-ID remain insufficiently explored in diverse and uncon-
strained environments.

A different line of research explores semi-automated, human-in-the-
loop systems that combine manual annotation with automated visual 
matching to support large-scale wildlife monitoring and open-set evalua-
tion [33]. The ElephantBook platform integrates with EarthRanger [91], 
a real-time conservation data management system, and uses computer 
vision methods to detect elephant ear regions and match distinctive ear 
contours for individual identification. By combining automated ranking 
with human verification, the framework improves usability and scala-
bility for non-expert conservation practitioners. However, the approach 
remains sensitive to image quality, relies on accurate manual coding, 
and is primarily applicable to species with distinctive contour features, 
limiting broader generalization and fully automated open-set deploy-
ment.

Semi-automated, human-in-the-loop approaches provide a comple-
mentary paradigm to fully automated Re-ID systems by explicitly in-
corporating expert knowledge into the identification process. By com-
bining automated ranking with manual verification, these frameworks 
improve usability and reliability, particularly in conservation settings 
where accuracy is critical and full automation may not yet be feasible. 
This suggests that hybrid systems can serve as a practical intermedi-

ate solution for large-scale wildlife monitoring. However, the approach 
remains sensitive to image quality, relies on accurate manual coding, 
and is primarily applicable to species with distinctive contour features. 
In practice, the need for human intervention can limit scalability and 
throughput in large-scale deployments, particularly when monitoring 
large populations or continuous data streams. Furthermore, dependence 
on consistent image acquisition and species-specific visual cues may re-
strict generalization across habitats and species, highlighting challenges 
for fully automated and broadly applicable open-set Re-ID systems.

While most animal Re-ID methods assume that training and test data 
originate from the same environment, real-world deployments often in-
volve domain shifts between farms, camera systems, or habitats. Do-
main adaptation techniques aim to address this challenge by lever-
aging unlabeled target data to improve generalization while preserv-
ing performance on the source domain. In this context, Dubourvieux 
et al. [26] introduces Cumulative Unsupervised Multi-Domain Adapta-
tion (CUMDA), a framework for Holstein cattle Re-ID that extends un-
supervised domain adaptation from single- to multi-target scenarios by 
combining source-guided training and domain-specific batch normaliza-
tion (DSBN). By enabling cumulative adaptation across multiple farms 
while maintaining source-domain knowledge, the approach improves 
robustness to domain shifts and reduces the catastrophic forgetting of-
ten observed in conventional UDA methods [92]. Experiments across 
heterogeneous livestock datasets demonstrate improved cross-domain 
generalization, although performance still lags behind fully supervised 
training due to large appearance variations and limited color cues. Nev-
ertheless, CUMDA represents one of the first multi-target domain adap-
tation frameworks for animal Re-ID and offers a promising direction for 
scalable deployment in heterogeneous farm environments.

Domain adaptation approaches address a critical challenge in animal 
Re-ID by explicitly modeling domain shifts across environments such as 
farms, camera systems, and habitats. By leveraging unlabeled target data 
while preserving source-domain knowledge, these methods improve ro-
bustness to distribution changes in real-world deployments. However, 
their performance still lags behind fully supervised training, particularly 
under large appearance variations and limited color cues. In addition, 
their effectiveness depends on the quality of pseudo-labeling and the 
similarity between source and target domains, which may vary signifi-
cantly in practice. The limited number of studies and evaluations across 
a small number of environments further indicates that the scalability 
and robustness of domain-adaptive animal Re-ID remain insufficiently 
explored.

6.  Datasets and benchmarks

Studies reviewed in Section 5 have evaluated animal Re-ID mod-
els across a wide range of species, reflecting diverse appearance pat-
terns and imaging conditions. Among large mammals, the Amur tiger 
represents one of the most established datasets [13,60], alongside ele-
phants [32,33], lions, giraffes, and zebras [27,68]. Marine species such 
as manta rays and humpback whales have also been explored [35,40], 
while smaller animals like bumblebees [67], fruit flies [40], and chick-
ens [24] highlight the adaptability of Re-ID methods to fine-grained 
recognition tasks. Notably, cattle Re-ID has become a major benchmark 
for livestock monitoring [26,39]. Such diversity demonstrates the grow-
ing generalization of animal Re-ID across species with different texture 
complexity, imaging modalities, and ecological settings (see Table 2).

Studies have leveraged a variety of input modalities to capture dis-
tinctive features. These include thermal imaging [32], pose informa-
tion represented as keypoints [13], and face or body landmarks en-
coded as heatmaps [31]. Other approaches exploit segmentation masks 
and pelage or skin pattern textures to enhance identity discrimina-
tion [22,35,65,66]. In livestock monitoring, body keypoints capturing 
orientation (e.g., spine angle from tail implant to withers) and behav-
ioral states such as standing or lying are also used [30]. Despite this 
diversity, most inputs remain RGB images/videos, typically processed 
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Table 2 
Animal species used to evaluate the Re-ID methods reviewed 
in Section 5.
 Species Ref.  Species  Ref.
 Elephant [32,33,

75]
 Lion  [20,68]

 Yak [75]  Chimpanzee  [20,27,40,55,68,75]
 Amur tiger [13,20,

23,27,
40,55,
60,63,
64,68,
75]

 Zebra  [27,68]

 Bumblebee [67]  Giraffe  [27]
 Fruit fly [40,55,

75]
 Panda  [68,75]

 Macaque [75]  Red panda  [20,29]
 Cattle [26–28,

30,39,
62]

 Dog  [23]

 Chicken [24]  Manta ray  [31,35]
 Humpback whale [35,40,

55,75]
 Ringed seal  [21,22,27,65,66]

 Whale shark [22,66]  Pig  [19,25]
 Sea star [27]  Golden monkey  [20]
 Meerkat [20]

by CNN or transformer (ViT) backbones. Some recent methods leverage 
textual descriptions associated with images to enable multimodal Re-ID 
learning [18].

Below, we first introduce the evaluation protocols and metrics, and 
then review the existing datasets, benchmarks, and toolkits covered in 
our survey. A summary of these resources is provided in Tables 3 and 4.

6.1.  Evaluation protocol and metrics

Animal Re-ID experiments typically adhere to a protocol that par-
titions the available data into training, validation, and testing subsets. 
The training set is used to learn discriminative representations, often su-
pervised by individual identity labels, while validation images may be 
used for hyperparameter tuning or model selection. For testing, the data 
are further partitioned into two non-overlapping subsets: the gallery and 
the query. The gallery contains one or more reference images per indi-
vidual, while the query set includes distinct images of the same individ-
uals captured under different conditions (e.g., pose, viewpoint, or time). 
During evaluation, each query image is compared against all gallery im-
ages, producing a ranked list based on, e.g., visual similarity or feature-
space distance. Correct matches appearing at higher ranks indicate bet-
ter model performance.

Animal datasets often lack explicit camera information, so gallery-
query splits are usually defined at the individual level rather than by 
camera ID, and are constructed randomly or in a time-aware manner to 
reduce overestimation bias. Moreover, due to strong appearance asym-
metry in many species, such as when the left and right body sides or 
facial profiles differ substantially, some studies e.g., [13,37] treat the 
two sides as distinct identities. This design avoids false matches between 
visually dissimilar sides of the same animal and ensures more realistic 
performance estimates under asymmetric visual conditions. However, a 
limitation of this design is that models do not learn cross-side correspon-
dences, which may hinder generalization in real-world scenarios where 
either body side could be visible.

Most studies adopt a closed-set evaluation protocol, where all test 
identities are also seen during training. In contrast, open-set Re-ID re-
flects more realistic field scenarios in which new, previously unseen 
individuals may appear at test time. In this setting, the system must 
not only identify known individuals but also correctly reject unknown 
ones, a capability explored, e.g., in [18,19,27,33]. Additionally, al-
though time-aware Re-ID aspires to model appearance changes across 

time, such as those caused by growth, aging, or environmental varia-
tion, this capability remains largely conceptual in current systems. For 
instance, in Wahltinez and Wahltinez[27], the concept is applied as a 
dataset splitting strategy to prevent performance overestimation. Specif-
ically, images collected during the same event are kept together in either 
the training or testing set, and separate time-aware splits are created for 
each collection event. This ensures that temporally correlated images of 
the same individuals do not leak between training and testing, simulat-
ing scenarios such as catch-and-release in ecological monitoring without 
explicitly modeling long-term appearance changes.

Performance in animal Re-ID is typically evaluated using two stan-
dard metrics: the Cumulative Matching Characteristic (CMC) and the 
mean Average Precision (mAP). The CMC curve measures the probabil-
ity that a correct match appears within the top-𝑘 retrieved results for 
a given query. Formally, given 𝑄 query images, the Rank-𝑘 accuracy is 
computed as:

Rank-𝑘 = 1
𝑄

𝑄
∑

𝑞=1
𝕀(correct match appears in top-𝑘) (1)

where 𝕀(⋅) is an indicator function returning 1 if the correct identity ap-
pears among the top-𝑘 ranked gallery images, and 0 otherwise. Many 
studies, e.g., Odo et al. [19], Perneel et al. [30], Zuerl et al. [36] report 
Rank-1 CMC (the percentage of cases where the top-ranked gallery im-
age corresponds to the correct identity) though some also include higher 
ranks (e.g., Rank-5 or Rank-10) for a more complete assessment.

The mAP metric, instead, evaluates both precision and recall by av-
eraging the precision across recall levels and all queries, offering a more 
holistic measure of retrieval quality:

mAP = 1
𝑄

𝑄
∑

𝑞=1

1
𝑚𝑞

𝑛𝑞
∑

𝑘=1
𝑃𝑞(𝑘) ⋅ rel𝑞(𝑘) (2)

where 𝑃𝑞(𝑘) is the precision at rank 𝑘, rel𝑞(𝑘) indicates whether the 𝑘th 
ranked gallery image matches the query, and 𝑚𝑞 is the number of rele-
vant gallery images for query 𝑞.

As noted earlier, most animal Re-ID datasets lack explicit camera 
information, so correctly matched instances are uniformly considered 
during evaluation. Moreover, for the animal datasets that include vi-
sually similar samples captured from slightly different viewpoints, the 
CMC-based Rank-𝑘 accuracy can sometimes be inflated by such easy 
matches, making mAP a more informative and robust measure of over-
all performance.

6.2.  Review of the datasets

The datasets introduced between 2020 and 2025 can be broadly 
grouped into four categories reflecting their capture environments and 
biological diversity: (a) wildlife and semi-wild datasets, (b) zoo-based 
datasets, (c) farm, livestock, and domestic-animal datasets, and (d) in-
vertebrate and small-species datasets.

6.2.1.  Wildlife and semi-wild datasets
ATRW (Amur Tiger).  Li et al. [13] is a large-scale, wildlife-specific 
benchmark for Amur tiger Re-ID, addressing the scarcity of high-quality 
datasets for non-domestic, non-rigid animal species. It comprises 8076 
high-resolution video clips captured across multiple wild zoos using syn-
chronized surveillance and SLR cameras, from which 3649 annotated 
bounding-box images representing 92 individual tigers were obtained. 
Because the left and right flanks of each tiger show distinct stripe pat-
terns and are rarely visible together, ATRW treats each side as a separate 
entity, yielding 182 entities for Re-ID evaluation. The dataset includes 
identity labels, bounding boxes, 15-point pose keypoints, and view ori-
entation annotations, together with benchmark protocols for detection, 
pose estimation, and both plain (manually cropped) and wild (automat-
ically detected) Re-ID. Despite its limited number of individuals, an in-
herent constraint of endangered species, ATRW offers substantial vari-
ability in pose, illumination, background, and occlusion.
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Table 3 
Summary of recent animal Re-ID datasets (2020–2025), organized by habitat and acquisition context.
Dataset Species  #IDs  #Images  Time Source Available  Open  Time Publicly

 Span Annotations  set?  Aware? Available?
 Wildlife and Semi-Wild Datasets

ATRW [13] Amur tiger  92  3649  – Wild zoos IDs, bounding boxes, pose key-
points, view orientation

✓ × ✓

YakReID-
103 [37]

Yak  103  2247  – Wild (highland pastures) IDs, bounding boxes, 
direction-based pose 
(left/right)

✓ × ✓

SealID [14] Saimaa 
ringed seal

 57  2080  10 years Wild (lake; boat surveys + 
camera traps)

IDs, segmentation masks, 
pelage patches, metadata 
(GPS, timestamps)

✓ × ✓

SeaTurtleID 
2022 [17]

Sea turtle  438  8729  13 years Wild (underwater snorkeling) IDs, timestamps, masks, 
bounding boxes, body-part 
orientations

✓ ✓ ✓

 Zoo-Based Datasets
RedPanda43 
[29]

Red panda  43  3487  – Zoo IDs; environment labels; 
train/query/gallery split

× × ×

Common 
Toads [93]

Bufo bufo  376  7245  – Field rescue operations (con-
trolled single-animal videos)

IDs, bounding boxes, camera-
angle labels

× × ×

Mixed-
Species Zoo 
[93]

Turtles, 
camels, pen-
guins, goats, 
toads

 160  825  Weeks Zoo environment IDs, species labels, manual 
bounding boxes

× × ×

iPanda-50 
[59]

Giant panda  50  6874  – Captive (panda bases; stream-
ing cameras)

IDs, bounding boxes, eye loca-
tions, curated keyframes

× × ✓

PolarBearVi-
dID [15]

Polar bear  13  138,363 frames  – Six zoos IDs, bounding boxes, 100-
frame video sequences, cam-
era metadata

× × ✓

 Farm, Livestock, and Domestic Animal Datasets
Holstein 
Dairy Cow 
[94]

Holstein 
dairy cow

 13  1485  - Dairy farm IDs only × × ✓

Holstein 
Face [39]

Dairy cattle  3000  130,000  – Farm IDs, face bounding boxes, 
viewpoints (L/F/R), imaging-
condition metadata

✓ × ×

MultiCam 
Cows2024 
[28]

Holstein-
Friesian 
cattle

 90  101,329  7 days Farm (multi-camera CCTV) Tracklet IDs, bounding boxes, 
camera metadata

× ✓ ✓

MPDD-192 
[23]

Dog  192  1657  – Natural outdoor settings IDs, posture labels (stand-
ing/sitting/lying)

× × ✓

 Invertebrate and Small-Species Datasets
Honeybee 
[16]

Honeybee  181 / 4949  8962 / 109,654  12 days Observation hive (controlled) IDs (barcode), track IDs, 
timestamps, pose keypoints

✓ ✓ ✓

Animal-
Identification-
from-Video 
[5]

Pigs, koi 
fish, pigeons

 93  20,490 clips (2,379 frames)  9–24 s per video Pixabay videos (controlled, 
non-wild)

IDs, bounding boxes ✓ × ✓

SealID.  Nepovinnykh et al. [14] targets the endangered Saimaa ringed 
seal, offering 2080 images from 57 individuals collected during an-
nual molting seasons (2010–2019) in natural lake habitats. The dataset 
provides a curated database (430 images) and a query set (1650 im-
ages), capturing high variability in pose, illumination, pelage condition, 
contrast, and viewpoint. SealID includes expert-verified identity labels, 
pixel-level segmentation masks refined from Mask R-CNN [78] outputs, 
and a complementary patch dataset of pelage patterns to support fine-
grained pattern matching in deformable, low-contrast species.

SeaTurtleID2022 (Loggerhead Sea Turtle).  Adam et al. [17] introduces a 
long-span benchmark for sea turtle Re-ID, consisting of 8729 images of 
438 loggerhead sea turtles collected over 13 years. Each image includes 
identity labels, timestamps, segmentation masks, bounding boxes, and 
body-part orientations. The dataset defines two ecologically motivated, 
time-aware splits: closed-set and open-set to reflect realistic popula-
tion dynamics. Baseline evaluations are provided across classic feature-
based methods (e.g., [95], SuperPoint [96]) and deep learning models 
(e.g., ArcFace [97], FaceNet [98], Mask R-CNN [78], Hybrid Task Cas-
cade [99], Mask2Former [100]). Importantly, the study demonstrates 
that random splits inflate performance, underscoring the necessity of 
time-aware evaluation for wildlife Re-ID.

iPanda-50 (Giant Panda).  Wang et al. [59] is a video-derived giant 
panda Re-ID dataset built from long streaming videos recorded at panda 
conservation and breeding centers. Key frames are extracted using SSIM-
based filtering and manually verified by keepers to ensure identity cor-
rectness. Tight bounding-box cropping yields 6874 images of 50 pan-
das captured under varied poses, viewpoints, illumination, occlusions, 
and enclosure conditions. The dataset includes identity labels and eye-
location annotations, reflecting the discriminative role of facial regions. 
Although organized as a closed-set identification task, iPanda-50 pro-
vides a challenging benchmark for fine-grained recognition of highly 
similar, non-rigid animals.

PolarBearVidID (Polar Bear).  Zuerl et al. [15] is a video-based Re-ID 
dataset for a non-human species, introducing 1431 sequences (≈138k 
frames) of 13 individually identified polar bears recorded across six 
zoos. Videos were captured using tripod-mounted and handheld cameras 
positioned to cover large enclosure areas, resulting in high variability 
in pose, movement, lighting, occlusions, enclosure geometry, and view-
points. Expert biologists manually annotated key frames with bounding 
boxes and identity labels; each labeled frame was expanded into an 8 s 
sequence (100 frames) via a detection–tracking pipeline. The dataset 
follows a closed-set protocol without temporal splits. Since it is video-

Information Fusion 133 (2026) 104323 

12 



C. Beyan et al.

based, it enables motion-aware deep learning approaches for animal Re-
ID in zoo and wildlife monitoring.

6.2.2.  Zoo-based datasets
RedPanda43 (Red Panda). This custom red panda dataset [29] contains 
3487 images of 43 individually microchipped animals captured in both 
indoor and outdoor zoo environments. It reflects moderate variation in 
pose, illumination, and background. Identities are split into 20 for train-
ing and 23 unseen individuals for testing, under a closed-set protocol. 
The dataset contains only identity labels; no bounding boxes, masks, or 
pose annotations are provided.

Mixed-species zoo and common toads. Fruhner and Tapken [93] intro-
duce two benchmark datasets to study cross-species transfer in Re-ID. 
The first includes 7245 cropped images of 376 common toads captured 
during field rescue operations under varied viewpoints. The second is a 
mixed-species zoo dataset with 825 images of 160 individuals from five 
species (turtles, camels, penguins, goats, and toads). Both datasets con-
tain identity labels and support the evaluation of human Re-ID models 
such as OSNet-AIN [101]. Notably, the study reveals that training on 
the heterogeneous multi-species dataset can improve performance on 
individual species compared to species-specific training alone, suggest-
ing beneficial cross-species feature transfer. While the datasets expand 
the diversity of benchmarks available for animal ReID, they remain rel-
atively small, and the toad dataset lacks a fixed train/test split, which 
might complicate direct reproducibility. Nonetheless, the work provides 
valuable insights into model adaptability, dataset design, and practical 
constraints when applying human Re-ID architectures to multi-species 
animal Re-ID.

6.2.3.  Farm, livestock, and domestic animal datasets
Holstein dairy cow.  Li et al. [94] introduce an early dairy cow dataset 
comprising 1485 annotated side-view images of 13 Holstein cows col-
lected at a commercial farm under naturally varying lighting, contam-
ination, and background conditions. Images are annotated only with 
identity labels. Despite its small scale, it is one of the first publicly avail-
able cow Re-ID datasets captured in unconstrained farm environments.

Holstein face.  Chen et al. [39] present a large-scale cattle face dataset 
with 130,000 images from 3000 Holstein cows. Images were collected 
in an open-farm environment using multiple camera viewpoints and au-
tomatically cropped with an improved Faster R-CNN + NASNET-A de-
tector. The dataset includes identity labels and left/frontal/right view 
annotations but lacks temporal metadata or long-term tracking.

MultiCamCows2024.  Yu et al. [28] is a large, multi-camera Re-ID 
dataset with 101,329 images of 90 Holstein-Friesian cows collected 
over seven days using three ceiling-mounted CCTV cameras. It pro-
vides cropped images, full CCTV footage, bounding boxes, tracklet-level 
identities verified by humans, and camera-view metadata. The dataset 
captures realistic farm challenges such as varying viewpoints, lighting, 
movement patterns, and class imbalance.

YakReID-103.  Zhang et al. [37] is the first yak Re-ID dataset, collected 
in outdoor highland pastures. It contains 2247 images of 103 yaks, an-
notated with bounding boxes, direction-based pose labels (left vs. right), 
and identity information. Left and right body profiles are treated as sep-
arate entities, resulting in 182 labeled identities. The dataset provides 
identity-disjoint train/test splits and includes both “simple” and “hard” 
subsets, though these difficulty levels are manually curated rather than 
temporally or environmentally defined.

MPDD-192 (Dog posture dataset).  He et al. [23] introduces 1657 images 
of 192 individual dogs captured in natural outdoor settings across three 
major postures: standing, sitting, and lying. Images reflect substantial 
viewpoint variability and were curated by removing blurry or occluded 

samples. Each image includes identity and posture labels, making the 
dataset well/suited for evaluating pose robustness in full-body animal 
Re-ID. Despite its modest scale, it fills an important gap by providing one 
of the first multi-pose dog Re-ID datasets collected in unconstrained real 
environments.

6.2.4.  Invertebrate and small-species datasets
Honeybee.  Chan et al. [16] introduces two complementary datasets col-
lected from 12 days of video captured at a hive entrance. The long-term 
dataset contains 8962 abdomen-aligned images of 181 barcoded bees, 
while the short-term dataset provides 109,654 images across 4949 track-
lets with self-supervised pseudo-labels. These datasets enable evaluation 
across same-hour, same-day, and cross-day conditions and support su-
pervised, self-supervised, and hybrid training regimes.

Animal identification from video.  Kuncheva et al. [5] introduces an an-
notated video-based dataset comprising five short clips featuring pigs, 
koi fish, and pigeons, totaling 20,490 annotated instances across 93 
identities. Each frame is labeled with identity tags and bounding boxes, 
and the videos present challenging conditions such as multiple animals 
per frame, frequent occlusions, strong intra-class variability, and occa-
sional annotation noise. To avoid data leakage caused by near-duplicate 
adjacent frames, the authors provide frame-sequential train/test splits 
aligned with the temporal structure of each clip. The dataset is accompa-
nied by baseline results using 26 classical classifiers on RGB, Histogram 
of Gradients (HOG), and Local Binary Pattern (LBP) features, as well 
as object detection and tracking benchmarks. While the dataset offers a 
standardized and transparent resource for evaluating animal Re-ID and 
tracking methods, it remains limited in scale, species diversity, and eco-
logical realism due to its reliance on short, publicly sourced stock video 
footage rather than field-collected material.

Fig. 3 complements Table 3 by visually summarizing the landscape 
of animal Re-ID datasets in terms of identity count, image volume, 
and evaluation protocols. The figure shows clear domain-dependent dif-
ferences: wildlife datasets are typically smaller but more likely to in-
clude open-set settings, zoo datasets are predominantly closed-set, farm 
datasets can be large-scale yet rarely support open-set or time-aware 
evaluation, and invertebrate datasets are heterogeneous in scale. Over-
all, the figure highlights that dataset growth has not been matched by 
equally broad adoption of open-set and time-aware protocols, under-
scoring an important benchmarking gap in the literature.

6.3.  Review of the benchmarks and toolkits

Kuncheva et al. [41] present a benchmarking study for animal Re-
ID and propose a general evaluation protocol suitable for any partially 
annotated video or image collection. Using the previously released An-
imal Identification from Video dataset [5], they benchmark 25 classi-
fiers across five feature representations (RGB, HOG, LBP, autoencoder 
embeddings, and MobileNetV2). A key contribution is the use of frame-
sequential train/test splits, which preserve temporal continuity and pre-
vent data leakage from adjacent frames. Their results consistently show 
that simple linear models, particularly LDA with RGB color moments, 
outperform CNNs and MobileNetV2, even with augmentation and tun-
ing. The authors also release all annotations and code, supporting repro-
ducibility. Limitations include the small scale of the dataset (one short 
video per species), low overall accuracies caused by open-set and high-
variability conditions, lack of temporal modeling beyond splitting, and 
the evaluation of only two deep learning architectures.

WildlifeDatasets [4] introduces a unified benchmarking toolkit ad-
dressing fragmentation and inconsistency across animal Re-ID evalua-
tion. It provides standardized access to 31 publicly available wildlife 
datasets with automated downloading, preprocessing, and comprehen-
sive support for closed-set, open-set, disjoint-set, and time-aware splits. 
The toolkit integrates a wide range of feature extractors, from lo-
cal descriptors such as SIFT and SuperPoint to CNN and transformer
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Fig. 3. Visual summary of animal Re-ID datasets across major acquisition contexts. The figure shows the number of identities and number of images for each dataset 
(top), along with the distribution of total datasets, open-set datasets, and time-aware datasets by category (bottom).

Table 4 
Comparison of animal Re-ID benchmarking frameworks.
 Benchmark Purpose Data 

Used/Pro-
vided

Protocols  Baselines  Code

 Kuncheva et al. [41] Evaluation 
protocol; 
classifier 
benchmark-
ing

Uses 5-video 
dataset (93 
IDs)

Closed-set; 
frame-
sequential 
CV

 25 classical + DL models ✓

 Wildlife Datasets [4] Unified 
toolkit; 
large-scale 
benchmark-
ing

31 public 
datasets; 
MegaDe-
scriptor

Closed-set, 
open-set, 
disjoint, 
time-aware

 SIFT, SuperPoint, ArcFace, CLIP, DINOv2, MegaDescriptor ✓

 Wildlife-71 [18] Cross-
species 
open-world 
benchmark

Wildlife-71 
(71 cate-
gories; 67 
train, 4 
unseen test)

Open-world; 
support-
triplet 
adaptation

 TransReID, AGW, CAL, DGReID, UniReID ✓

architectures, and includes GPU-accelerated matching APIs. A central 
contribution is MegaDescriptor, the first foundation model for animal 
Re-ID, trained across 29 datasets and released in multiple sizes. MegaDe-
scriptor achieves state-of-the-art performance and consistently outper-
forms generic vision models such as CLIP [77] and DINOv2 [102]. 
However, the framework still relies primarily on closed-set evalu-
ations, performance remains dataset-dependent, and methodological 
choices (e.g., excluding overlapping datasets) may not generalize to 
field conditions. Proper metadata handling is also essential to avoid data
leakage.

Jiao et al. [18] define the ReID-AW (“Re-identify Any Animal in the 
Wild”) task and introduce Wildlife-71, the first benchmark designed to 
test cross-species generalization to unseen animal categories. Wildlife-
71 contains 71 categories (67 for training and four for testing: zebra, 
seal, giraffe, tiger), with a protocol requiring models to adapt to each 
unseen species from a single triplet of labeled support images. The au-
thors evaluate a broad suite of baselines, including person Re-ID models, 
DGReID methods, and their universal model UniReID, which combines 
CLIP with GPT-4-guided semantic prompts. Their findings show that 
conventional models struggle to generalize to unseen species, position-
ing Wildlife-71 as a challenging open-world Re-ID benchmark. Limita-
tions include the small test split (only four species), reliance on support 
triplets and class labels at test time, and categories sourced from web 

and non-Re-ID tracking datasets such as GOT-10k [103], which reduces 
ecological diversity.

Taken together, these works illustrate the rapid evolution of bench-
marking practices in animal Re-ID. Early efforts such as Kuncheva et 
al. [41] focused on protocol design and comparative evaluation within 
a single, small-scale dataset, highlighting the need for more system-
atic and reproducible assessment. WildlifeDatasets [4] subsequently 
addressed this fragmentation by introducing the first unified bench-
marking toolkit, enabling standardized preprocessing, consistent eval-
uation protocols, and cross-dataset experimentation at scale. Finally, 
Jiao et al. [18] extended benchmarking into the open-world setting 
with Wildlife-71, explicitly testing generalization to completely unseen 
species. Overall, the field has progressed from isolated, dataset-specific 
comparisons to comprehensive, unified, and cross-species benchmarks 
that more closely reflect the challenges of real-world animal Re-ID.

7.  Challenges and open problems

As is noticeable, animal Re-ID has made significant progress in re-
cent years, yet several fundamental challenges remain unresolved. These 
limitations stem from biological variability, data scarcity, domain shift, 
and fragmented evaluation practices and collectively shape the open 
problems outlined below.
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Information fusion. Although fusion-based approaches have strength-
ened animal Re-ID through pose and behavior cues, landmark heatmaps, 
pelage-pattern and geometric features, temporal tracklets, spatial-
frequency fusion, and emerging vision-language guidance, they also 
introduce challenges rooted in the heterogeneous and uneven nature 
of ecological data. Many auxiliary modalities are dataset or species-
specific, inconsistently annotated, or noisy, forcing models to fuse in-
complete or unreliable information. Cross-modality settings, such as 
RGB-thermal Re-ID [33], further complicate alignment because each 
modality exhibits different noise characteristics, spatial statistics, and 
availability (e.g., thermal imagery only at night). Temporal fusion is sim-
ilarly complex: short-term motion cues captured in video contrast with 
long-term appearance drift observed in multi-year datasets such as [17], 
yet current methods fuse only short-term signals. Fusion also must bal-
ance species-specific identity patterns (e.g., stripes, pelage patches, fa-
cial regions) with species-agnostic representations required for cross-
species generalization, as emphasized by universal and open-world mod-
els like [18].

Transferability and domain shift. Models frequently fail to generalize 
across habitats, camera systems, seasons, and species. Many methods 
are developed and evaluated on a single dataset or population, result-
ing in dataset-specific overfitting and limited cross-site transferability. 
Severe domain shifts arise from differences in lighting, background, 
behavior, and environmental context, and current domain adaptation
techniques [26] remain insufficient for the complex, multi-domain 
variability encountered in ecological monitoring. Although large-scale 
toolkits, e.g., [4] partially alleviate this issue by unifying data access and 
evaluation splits, true cross-dataset and cross-species generalization re-
mains unresolved. Benchmarks, e.g., [18] further illustrate the difficulty 
of adapting models to entirely unseen species.

Temporal drift and longitudinal variability. Animals undergo intrinsic ap-
pearance changes due to growth, molting, seasonal coat variation, aging, 
or injury. Most existing datasets provide only short-term observations, 
e.g., Honeybee Re-ID spans days [16], and MultiCamCows2024 cov-
ers only one week [28]. SeaTurtleID2022 offers a comparatively long 
13-year collection period [17], yet species such as loggerhead turtles 
are extremely long-lived, meaning that even a decade of observations 
might reflect only a small fraction of their lifespan and long-term ap-
pearance drift. Consequently, time-aware Re-ID is rarely implemented 
beyond preventing temporal leakage in train/test splits, and models still 
struggle with long-term temporal drift in multi-year wildlife monitoring 
programs, including those involving turtles, seals, or livestock [14].

Data scarcity, label quality, and annotation burden. Datasets are typi-
cally small, unbalanced, and expensive to annotate, especially for rare 
wildlife species. Although physical tagging or expert knowledge may 
provide ground-truth identities, assigning these identities to thousands 
of images remains labor-intensive. Many datasets contain limited iden-
tities, sparse viewpoints, or noisy labels caused by occlusion, low im-
age quality, or manual annotation difficulty. For example, Nepovinnykh 
et al. [14] reports that deformable bodies, wet/dry pelage variation, and 
partial visibility make per-image identity annotation challenging and 
require expert verification. While self-supervised and few-shot learn-
ing offer potential relief, they remain underdeveloped for multi-species 
or open-world adaptation. Developing scalable annotation pipelines, 
including semi-automated, self-supervised, and human-in-the-loop sys-
tems, remains an important open problem across ecological applica-
tions.

Evaluation and benchmarking gaps. Despite recent advances, evaluation 
practices remain inconsistent. Many datasets rely on closed-set proto-
cols, even though ecological deployments are inherently open-set, with 
new individuals appearing over time [28]. Time-aware and cross-species 

evaluations remain rare, and cross-dataset metrics are poorly standard-
ized. Some benchmarks include animal categories sourced from het-
erogeneous or non-ecological imagery. For example, Jiao et al. [18] in-
corporates animal instances extracted from the generic object-tracking 
dataset [103]. Because such images are not captured in realistic wildlife 
monitoring conditions, they may reduce the ecological validity of the 
benchmark. Furthermore, no existing benchmark jointly evaluates ap-
pearance, pose, and motion-based cues; even large toolkits, e.g., [4] can-
not yet capture the full diversity of real-world monitoring pipelines.

Motion, pose, and behavior modeling. Most models operate on static im-
ages, although animals exhibit substantial pose variation and complex 
motion patterns. Temporal and behavioral cues in videos remain un-
derutilized, with only a few datasets providing rich motion informa-
tion (e.g., Zuerl et al. [15]). Only limited work explores temporal fu-
sion, tracklet-based representation learning, or behavior-aware embed-
dings. Robust temporal modeling, especially under occlusion, crowding, 
or multi-animal interactions, remains a major open research direction.

Explainability, bias, and ethical deployment. Current animal Re-ID mod-
els lack interpretability, making it challenging for ecologists or conser-
vation practitioners to assess model confidence or understand failure 
cases. Datasets exhibit strong sampling biases, often toward particular 
species, enclosures, farms, or individuals, which raises concerns about 
ecological validity and fairness [17]. Moreover, deploying Re-ID systems 
in wildlife or livestock environments requires addressing ethical consid-
erations involving surveillance, animal disturbance, and the reliability 
of model predictions under uncertain field conditions.

7.1.  Synthesis: Mapping challenges to methodological categories

Table 5 summarizes how different methodological categories align 
with the key challenges identified above. The entries provide a quali-
tative overview based on evidence reported in the literature, indicating 
whether a challenge is explicitly addressed within each methodologi-
cal paradigm. A method category is marked as strong when a challenge 
is consistently addressed as a primary objective, moderate when it is 
handled in several works but not systematically, partial when it is only 
indirectly or conditionally mitigated, and not addressed when it falls 
largely outside the scope of the approach. The discussions below focus 
on broader challenge groupings, whereas Table 5 offers a fine-grained, 
per-challenge mapping. Notably, CNN and Transformer models primar-
ily act as backbone architectures, and many other paradigms (e.g., MML, 
SSL/UL, and DA) are built upon these representations. Their limited cov-
erage across challenges should therefore be interpreted in the context of 
this representational role rather than as a limitation in capability. Fur-
thermore, ML is treated as a separate methodological dimension, as it 
defines the embedding objective independently of the underlying back-
bone architecture.

A clear pattern emerges for information fusion and multimodal cues: 
MML approaches are the only paradigm that explicitly and consis-
tently integrates heterogeneous data sources, while most other methods 
rely primarily on visual representations. CNN- and Transformer-based 
models can incorporate additional cues, but typically in an implicit or 
task-specific manner rather than through systematic fusion. ML further 
supports this process by structuring the embedding space, yet it does 
not directly address cross-modal integration. HIL approaches provide 
a complementary mechanism by mitigating incomplete or noisy inputs 
through manual verification. This indicates that, despite recent progress, 
robust and generalizable information fusion remains largely confined 
to explicitly multimodal frameworks, with limited support from other 
methodological directions.

A similar pattern is observed for transferability and generalization. 
DA methods are the only approaches that explicitly address distribution 
shifts by aligning feature spaces across domains, whereas Transformer 
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Table 5 
Mapping between key challenges in animal Re-ID and methodological approaches. Columns denote method categories: CNN 
(CNN-based feature learning), Transformer (transformer-based feature learning), ML (metric learning objectives), Video (video 
and temporal modeling), MML (multimodal learning), FSL (few-shot learning), SSL/UL (self-supervised and unsupervised learn-
ing), CBIR (content-based image retrieval), HIL (human-in-the-loop systems), and DA (domain adaptation). Symbols indicate 
the extent to which each method category addresses a given challenge: ∙∙ strong, ∙ moderate, △ partial, and - not addressed. 
See text for their definition.

 Challenges  CNN  Transformer  ML  Video  MML  FSL  SSL/UL  CBIR  HIL  DA
 Information fusion / multimodal cues △ △ △ △ ∙∙ △ △ △ △ △
 Missing / noisy auxiliary data △ △ △ △ ∙ △ ∙ △ ∙ △
 Transferability across domains △ ∙ △ △ ∙ △ ∙ △ △ ∙∙
 Cross-species generalization △ ∙ △ △ ∙∙ ∙ ∙ △ △ △
 Temporal drift / longitudinal variation  – △ △ ∙∙ △ △ ∙  – △  –
 Data scarcity  –  – △ △ △ ∙∙ ∙∙ △ ∙ ∙
 Annotation burden / label quality  –  – ∙ △ △ ∙ ∙∙ △ ∙∙ ∙
 Open-set identification  – △ ∙ △ ∙∙ ∙ △ ∙ ∙ ∙
 Time-aware evaluation  –  – △ ∙ △ △ △  – △  –
 Benchmarking / standardization gaps  –  –  –  – △ △ △ △ △ △
 Pose / viewpoint variation ∙ ∙ ∙ ∙ ∙ △ △ ∙ △  –
 Motion / behavior modeling △ △ △ ∙∙ ∙ △ △  – △  –
 Explainability / interpretability  –  – △ △ △ △ △ △ ∙  –
 Bias / ethical considerations  –  –  –  – △ △ △  – ∙  –

and multimodal models tend to improve generalization more implic-
itly through richer and more flexible representations. ML provides only 
partial support by learning discriminative embeddings, but does not di-
rectly account for domain discrepancies. In contrast, cross-species gen-
eralization remains largely confined to multimodal and vision-language 
approaches, which are specifically designed to operate beyond single-
species settings. Most other methods, including conventional CNN- and 
Transformer-based pipelines, are still evaluated in species-specific sce-
narios, limiting their ability to generalize across diverse ecological con-
ditions. Overall, this highlights that while progress has been made in 
improving representation robustness, explicit modeling of domain and 
species shifts remains limited, leaving transferability as a key open chal-
lenge.

Temporal dynamics are primarily addressed by video-based ap-
proaches, which explicitly model motion cues and temporal continu-
ity to improve identity consistency across frames. SSL/UL methods par-
tially exploit temporal information through constructs such as tracklets, 
leveraging short-term consistency without directly modeling long-term 
dynamics. In contrast, most CNN- and Transformer-based approaches 
operate on static imagery, capturing temporal variation only indirectly 
through learned invariances. Similarly, ML contributes by enforcing 
temporal robustness in the embedding space, but does not explicitly 
encode temporal relationships. Other paradigms, including CBIR and 
DA, largely overlook temporal information altogether. Overall, these 
observations highlight that temporal modeling remains narrowly con-
centrated in video-based and tracklet-driven methods, with limited inte-
gration into general-purpose Re-ID pipelines, particularly for long-term 
temporal variation.

Data-related challenges are primarily addressed by FSL and SSL/UL, 
which explicitly aim to reduce dependence on large labeled datasets. HIL 
systems complement these approaches by improving annotation quality 
through interactive verification and correction. ML provides additional 
support by enabling effective similarity learning under limited data 
regimes, although it still requires labeled examples. In contrast, most 
CNN- and Transformer-based methods remain largely dependent on su-
pervised training, and DA techniques, while reducing target-domain la-
beling requirements, still rely on labeled source datasets. Overall, this 
highlights that current progress is driven mainly by alternative training 
paradigms, while mainstream representation learning approaches con-
tinue to depend heavily on annotated data, leaving data scarcity and 
annotation cost as persistent bottlenecks.

Evaluation-related aspects remain unevenly addressed across 
methodological paradigms. Open-set identification is supported by a 
subset of approaches, particularly MML, FSL, and CBIR methods, while 

ML further facilitates open-set recognition through embedding-based 
similarity matching. In contrast, most CNN- and Transformer-based 
pipelines are still evaluated under closed-set assumptions, limiting their 
applicability to real-world scenarios where new individuals frequently 
appear. DA improves cross-domain generalization but does not explic-
itly account for identity novelty. Time-aware evaluation is incorporated 
in video-based approaches and certain dataset designs, whereas most 
methods rely on static train-test splits that overlook temporal variation. 
More broadly, benchmarking and standardization are not directly ad-
dressed by specific methodological paradigms, resulting in fragmented 
and often inconsistent evaluation practices. Overall, this highlights a dis-
connect between methodological development and evaluation realism, 
indicating that more unified, open-set, and time-aware benchmarking 
frameworks are needed to reflect real-world deployment conditions.

Explainability and ethical considerations remain largely underex-
plored in current animal Re-ID research. HIL approaches provide a 
degree of interpretability and user control by incorporating expert 
validation into the identification process. In contrast, most learning-
based methods, including ML frameworks and deep embedding mod-
els, operate as largely opaque systems, offering limited transparency in
decision-making and little capacity to assess bias or ecological valid-
ity. This indicates that, despite advances in performance, issues related 
to interpretability, fairness, and responsible deployment remain insuffi-
ciently addressed.

Overall, Table 5 reveals that existing approaches tend to ad-
dress individual challenges in isolation, with no single methodologi-
cal paradigm providing comprehensive coverage across all dimensions. 
While different approaches offer complementary strengths, these are 
rarely integrated within unified frameworks. This fragmentation high-
lights the need for more holistic solutions that combine advances in 
representation learning, data-efficient training, multimodal fusion, and 
robust evaluation to address the complex and interdependent challenges 
of real-world animal Re-ID.

8.  Future directions and recommendations

Building on the challenges outlined above, several research direc-
tions offer promising opportunities for advancing animal Re-ID toward 
more robust, scalable, and ecologically meaningful applications.

Multimodal and cross-species models. Future models should integrate 
complementary modalities, such as audio cues, movement patterns, 
depth information, or thermal imaging, to overcome the limitations of 
appearance-only representations. Cross-species and universal models, 
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e.g., [4,18] already indicate the feasibility of developing generalized 
feature extractors capable of transferring across habitats and taxa. Ex-
panding these approaches to support a broader set of species will re-
quire larger training corpora, improved prompt-based adaptation mech-
anisms, and the incorporation of structured biological priors, such as 
taxonomic similarity, morphology, or stripe/spot developmental pat-
terns.

Cross-modality. Cross-modality learning is an important but largely un-
explored direction for animal Re-ID. Unlike person Re-ID, where visible-
infrared and visible-thermal matching have been studied (e.g., [104,
105]), animal datasets rarely provide paired cross-modality observa-
tions of the same individual, limiting progress on modality-invariant 
embeddings and robustness to illumination or nocturnal conditions. 
Adapting cross-modality strategies from person Re-ID, such as modality
translation, shared embedding spaces, adversarial alignment, or 
modality-specific attention, represents a promising avenue. Devel-
oping paired RGB-thermal, RGB-depth, or RGB-acoustic datasets for 
wildlife and livestock would enable such methods and support more 
illumination-invariant and habitat-invariant Re-ID systems.

Self-supervised, weakly supervised, and continual learning. Given the per-
sistent scarcity of labeled data, future systems will increasingly rely on 
self-supervised, weakly supervised, or semi-supervised learning strate-
gies. Techniques such as contrastive learning, cluster-based pseudo-
labeling, or lifelong representation learning could enable models to 
learn from continuous streams of unlabeled wildlife data. This is par-
ticularly important for long-term deployments where new individuals 
appear over time and manual labeling cannot keep pace.

Long-term and temporal modeling. Temporal robustness remains largely 
unaddressed in current systems. Future work should investigate archi-
tectures capable of modeling long-range temporal dependencies, incor-
porating tracklets, motion cues, trajectories, seasonal variation, and age-
related appearance drift. Time-aware benchmarks, e.g., [17] offer an 
initial foundation, though many long-lived species may require multi-
decade monitoring to fully capture appearance evolution. Future models 
should explicitly learn long-term semantic cues (e.g., expected growth 
curves, molting cycles, or size changes) to build identity representations 
resilient to biological development and aging.

Ecologically valid benchmarks and standardized evaluation. As bench-
marking evolves, there is a pressing need for datasets that capture real 
ecological conditions, including environmental variability, partial ob-
servability, imperfect camera placement, group movement, and cross-
camera transitions. Future benchmarks should incorporate unified and 
reproducible evaluation protocols, including open-set, time-aware, and 
cross-species scenarios, and cover a wider range of habitats and taxa. 
Toolkits, e.g., [4] may serve as a foundation for community-driven ex-
pansion.

Synthetic data and data augmentation. Generative models can help al-
leviate data scarcity by producing synthetic examples reflecting rare 
poses, aging effects, or challenging weather and lighting conditions. 
Photorealistic 3D animal models, physics-based animation, and diffu-
sion models can support controlled simulation pipelines. Intentionally 
exposing models to systematically perturbed or adversarial scenarios, 
such as severe occlusion, extreme illumination, or low-resolution inputs, 
to evaluate robustness and identify brittleness in Re-ID pipelines.

Explainability, reliability, and ethical deployment. As animal Re-ID transi-
tions into field deployment, models must provide interpretable outputs 
and uncertainty estimates to ensure trustworthiness for conservation 

practitioners and ecologists. Future systems should incorporate explain-
able AI tools, confidence calibration, and mechanisms to detect out-of-
distribution individuals. Ethical considerations, such as minimizing dis-
turbance to wildlife, preventing misuse of monitoring data, and address-
ing biases in species or population representation, should be integral to 
model design, training, and dataset curation.

These directions collectively highlight that future progress will de-
pend on unified benchmarks, multimodal and generalizable models, 
scalable self-supervised learning, and careful consideration of ecolog-
ical and ethical requirements.

9.  Conclusions

Animal Re-ID has undergone rapid development in the last five years, 
driven by advances in deep learning, improved datasets, and the emer-
gence of unified benchmarking resources. Our survey reviewed recent 
studies, highlighting major methodological paradigms ranging from 
CNN- and transformer-based models to multimodal and self-supervised 
approaches. We examined datasets introduced between 2020 and 2025, 
categorized them by ecological context, and analyzed their species di-
versity, annotation quality, temporal span, and evaluation protocols. 
We also compared the first unified toolkits and benchmarks, such as 
WildlifeDatasets [4] and Wildlife-71 [18], which signal a shift toward 
standardized, cross-species, and more ecologically realistic evaluation.

Despite this progress, substantial challenges remain. Transferability 
across habitats and species is still limited; long-term temporal drift is un-
derexplored; and most datasets remain small, short-term, or ecologically 
constrained. Benchmarking practices vary widely, hindering fair com-
parison and real-world deployment. Addressing these gaps will require 
unified evaluation protocols, scalable self-supervised and multimodal 
learning, temporal modeling capable of handling lifelong appearance 
changes, and careful consideration of ecological and ethical constraints.

As research continues to expand toward universal, multimodal, and 
deployable animal Re-ID systems, we anticipate rapid progress in build-
ing robust technologies that support large-scale wildlife monitoring, 
conservation decision-making, and sustainable livestock management. 
This survey provides a comprehensive foundation to guide future work 
in the field.
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