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Abstract

Effective management of urban Asian water monitor (Varanus salvator (Laurenti, 1768))
populations requires precise individual identification, yet traditional physical-marking
methods remain invasive and labor-intensive. This study developed a non-invasive, auto-
mated photographic re-identification (Re-ID) system using deep learning and computer
vision to facilitate population monitoring in semi-urban environments. We evaluated seven
deep learning configurations based on ResNet50 incorporating Squeeze-and-Excitation (SE),
Convolutional Block Attention Module (CBAM), and Batch Normalization neck (BNNeck)
optimizations and benchmarked them against traditional feature matching (HotSpotter)
using an open-set evaluation dataset of 3311 images across 161 Side-IDs focusing on unique
lateral head-scale patterns. HotSpotter demonstrated immediate field viability, achieving a
Rank-1 accuracy of 99.88% and a mean Average Precision (mAP) of 90.40%. Among the
deep learning architectures, the baseline ResNet50 achieved the highest Rank-1 accuracy of
75.39% and mAP of 55.97%. As a decision-support framework, the deep learning pipeline
achieved over 87% Rank-5 accuracy, drastically reducing manual screening effort and
cognitive load during capture–mark–recapture surveys. This non-invasive framework
establishes a scalable, welfare-friendly protocol for long-term urban wildlife management
and biodiversity monitoring.

Keywords: deep learning; Varanus salvator; re-identification (Re-ID); animal biometrics;
urban wildlife management; non-invasive monitoring; ResNet50

1. Introduction
Water monitors (Varanus salvator) serve as critical apex predators and bioindicators

of ecosystem health in tropical ecosystems [1]. In rapidly urbanizing environments across
Thailand, such as public parks and university campuses, water monitor populations have
expanded significantly. A prominent example is the Bangkhen Campus of Kasetsart
University in Bangkok, where an extensive network of interconnected ponds and green
infrastructure provides favorable foraging habitats, resulting in high population densi-
ties [2]. Effective urban wildlife management, ecological monitoring, and human–wildlife
conflict mitigation in these modified landscapes require reliable, long-term tracking of
individual animals [3]. While traditional line-transect surveys provide broad population
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density estimates, robust demographic parameters such as survival rates, movement dy-
namics, and site fidelity depend on capture–mark–recapture (CMR) frameworks. However,
physical-marking techniques (e.g., toe-clipping, branding, or PIT-tagging) are invasive and
labor-intensive, and can induce significant stress or alter natural behaviors [4].

To overcome these welfare and operational limitations, photographic individual re-
identification (Re-ID) using natural biometric markings has emerged as a non-invasive
alternative in wildlife research [3]. In Thailand, automated photo-identification has pri-
marily been deployed for high-profile megafauna, such as pattern-recognition algorithms
for Indochinese tigers (Panthera tigris corbetti) [5] or registration of captive Asian elephants
(Elephas maximus). Although Asian water monitors possess intricate, individually unique
scale patterns along their lateral head and neck regions [6], automated photographic identi-
fication has not yet been established for this species.

In computer vision for wildlife biometrics, automated individual re-identification
generally follows two distinct computational paradigms: classical local feature match-
ing and deep learning representation learning. Classical algorithms, most notably the
HotSpotter framework [7] utilizing Scale-Invariant Feature Transform (SIFT) descriptors
paired with Local Naive Bayes Nearest Neighbor (LNBNN) matching, excel at fine-grained
keypoint matching. HotSpotter operates without requiring prior network training, making
it exceptionally effective for datasets with limited individual instances [7]. Conversely,
deep convolutional neural networks (CNNs), such as ResNet50 [8], augmented with at-
tention modules like Squeeze-and-Excitation (SE) [9] or Convolutional Block Attention
Module (CBAM) [10] learn abstract, end-to-end feature representations directly from raw
images [11]. While deep learning offers superior scalability, fast inference via vector em-
beddings, and potential integration into automated edge devices [12,13], its performance
heavily depends on the volume and diversity of training data [14].

Despite the growing application of both paradigms in ecological studies such as
camera-trap mammal surveys [12] or spot-pattern recognition in monitor lizards [6], no
study to date has benchmarked deep learning against established classical computer vision
software like HotSpotter for V. salvator. This presents a critical question for conservationists
and field ecologists: Does deep learning offer a performance advantage over established
feature matching tools like HotSpotter when applied to realistic, data-constrained wildlife
monitoring sets?

To address this gap, this study presents the first rigorous comparative benchmark
between classical computer vision (HotSpotter) and deep learning architectures for non-
invasive re-identification of Asian water monitors (V. salvator). Using a standardized
dataset of lateral head-scale images collected at Kasetsart University, we evaluate seven
deep learning variants based on a ResNet50 backbone incorporating SE, CBAM, and Batch
Normalization neck (BNNeck) optimizations against the traditional SIFT/LNBNN HotSpot-
ter baseline. Specifically, we evaluate retrieval performance using cumulative matching
characteristics (CMC) and mean Average Precision (mAP), while employing gradient-
weighted class activation mapping (Grad-CAM) to assess the spatial attention integrity
of learned deep features. By explicitly evaluating deep learning under realistic dataset
constraints, this study provides a realistic evaluation of current algorithmic limitations,
highlights the immediate field viability of classical feature matchers, and establishes a
decision-support baseline for future scalable, welfare-friendly urban wildlife management.

2. Materials and Methods
2.1. Study Site and Data Acquisition

We conducted the study at the Bangkhen Campus of Kasetsart University. This area
features a dense population of water monitors (Varanus salvator) that live in a semi-urban
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environment. Field data collection followed systematic line transects along campus ponds
and water channels (Figure 1). Each sighting was recorded with its metadata and UTM
coordinates to ensure that a reliable ground-truth dataset could be built.

Figure 1. Map of the study area (red outline) and line transects (yellow lines) that researchers used to
survey water monitors at the Bangkhen Campus of Kasetsart University. The arrow indicates north.

Our photographic data targeted the left and right lateral profiles of the head re-
gion (Figure 2). We selected this target because the head displays highly distinct and
stable markings. Furthermore, the head remains accessible when the lizard is semi-
submerged, enabling non-invasive tracking. To avoid disturbing the animals’ natural
behavior, we maintained a distance of at least 3 m and photographed them using a
Nikon D5 digital SLR camera with a 200–500 mm (Nikon Corporation, Tokyo, Japan)
lens (Nikon Corporation, China).

Figure 2. Photographic methods: Photographs showing the (a) left and (b) right sides of the head.

2.2. Materials and Equipment

We performed data management, traditional feature matching inference, and initial
inference on an ASUS TUF Gaming A15 laptop equipped with an AMD Ryzen 7 4800H
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processor, 8 GB of RAM, and an NVIDIA GeForce GTX 1650 Ti GPU. By contrast, model
training and ablation experiments were run on a powerful workstation featuring an Intel
Core i7-13700K CPU, 64 GB of RAM, and an NVIDIA GeForce RTX 4070 SUPER GPU.

For software, we selected the Anaconda distribution, which ran Python 3.8.x and
PyTorch 2.4.1 with CUDA 12.1 acceleration. Image processing and numerical tasks relied
on core libraries, including Torchvision 0.19.1+cu121, OpenCV 4.11.0, and NumPy 1.24.4.

2.3. Data Preparation and Preprocessing

Prior to model training and evaluation, we manually screened the image collection
to remove blurry, out-of-focus, or redundant photographs. To isolate diagnostic biometric
markings and eliminate background clutter, all remaining images were tightly cropped
around the head region (Figure 3). Images were horizontally flipped where necessary to
maintain a uniform orientation.

Figure 3. Example of the cropping process that isolates the head region of the animal.

To establish a high-rigor ground-truth dataset and mitigate labeling bias, all individual
identities were independently verified by expert herpetologists with over three years of field
experience studying Varanus salvator. Verification relied on multi-point spatial alignment
of head-scale geometries and relative scale ratios. To prevent observer fatigue and ensure
consistent accuracy, validation sessions were strictly capped at two hours per sitting.

Because bilateral scale patterns in V. salvator are asymmetric, left and right lateral
profiles were treated as distinct identities (Side-IDs) during model feature extraction.
To standardize spatial orientation and eliminate directional variance, all images were
horizontally flipped to a uniform canonical direction prior to model input. Consequently,
all model training and performance evaluations in this study were conducted strictly at the
Side-ID level. In the proposed deployment framework, individual-level continuity across
both sides is managed at the application layer via a relational database metadata table that
maps paired left and right Side-IDs back to a single master individual identity.

Data Preprocessing and Augmentation: All cropped input images were resized to
384 × 384 pixels. For deep learning training, we implemented a data augmentation pipeline
to help the model robustly handle varying outdoor conditions. These techniques included
Random Affine transformations (rotating images by up to ±15◦ to 20◦ and translating
them by up to 10%), Random Horizontal Flip, and Color Jitter (adjusting brightness and
contrast by 0.1–0.2 or 10–20%). This was followed by standard ImageNet normalization.
For the HotSpotter evaluation, the exact same set of cropped images was used without any
geometric or color augmentations to maintain direct comparative integrity.

Batch Sampling Strategy: To construct effective mini-batches for the triplet margin
loss, a PxK batch sampling strategy was employed. Specifically, each batch was formed
by randomly selecting P = 8 identities (classes), with K = 4 instances sampled per identity.
This configuration resulted in a total batch size of 32 images per iteration.
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Network Architecture and Feature Embedding: ResNet50, initialized with default
pre-trained weights, was utilized as the backbone. Across all experimental setups, the final
feature embedding dimension was consistently projected to 256 dimensions. L2 normaliza-
tion was applied to the output embeddings prior to loss computation.

Optimization Details: The models were optimized using the Adam optimizer with a
fixed learning rate of 1 × 10−4. The objective function employed was the triplet margin
loss with a margin parameter set to 0.5.

Training Protocol and Early Stopping: The maximum number of training epochs was
set to 120. To mitigate overfitting, an early stopping mechanism was implemented with a
patience of 10 epochs. The “Best Model” was determined and saved based on the lowest
observed training loss during the process.

2.4. Proposed Re-Identification Framework

To thoroughly evaluate lizard skin pattern re-identification, our methodology estab-
lishes a dual-paradigm framework comprising advanced Deep Learning (DL) architectures
as the primary proposed approach, evaluated alongside HotSpotter [7] as the primary
handcrafted baseline framework.

2.4.1. Deep Learning Architectures (Primary Proposed Approach)

ResNet-50 [8] was selected as the foundational backbone for deep feature extraction.
To effectively capture fine-grained textural variations in lizard skin patterns, two attention
mechanisms were integrated into the backbone:

• Squeeze-and-Excitation Block (SEBlock) [9]: Performs channel-wise recalibration to
dynamically emphasize critical identity-specific pattern features;

• Convolutional Block Attention Module (CBAM) [10]: Sequentially applies channel and
spatial attention to simultaneously identify “what” features are present and “where”
informative skin regions are localized.

Additionally, a Batch Normalization neck (BNNeck) structure [11] was incorporated
to reconcile the optimization imbalance between triplet loss and cross-entropy loss. Feature
extraction performance was systematically evaluated at two distinct embedding stages:
Pre-BN (representing raw backbone feature distributions) and Post-BN (representing the
normalized feature embedding space). This comparative setup enabled us to determine the
optimal configuration for maximum retrieval precision.

2.4.2. Primary Baseline Framework (HotSpotter)

To establish a rigorous comparative benchmark against traditional non-deep learning
approaches, we implemented HotSpotter [7] as the primary baseline framework. HotSpotter
utilizes the Local Naive Bayes Nearest Neighbor (LNBNN) algorithm to perform instance
identification based on local invariant keypoints. The system detects invariant keypoints
via Hessian-Affine detectors and extracts Scale-Invariant Feature Transform (SIFT) descrip-
tors from lizard skin textures. Keypoint matching is accelerated using Fast Library for
Approximate Nearest Neighbors (FLANN) kd-trees (configured with four randomized trees
for memory-efficient indexing), and match scoring is executed via the LNBNN formulation
to measure relative background distance without requiring offline training.

2.5. Training Procedure and Experimental Design

Our training routine relied on a joint learning approach that combined cross-entropy
loss for classification with triplet margin loss (margin = 0.5) for embedding-space opti-
mization [15]. Training was conducted using the Adam optimizer (LR = 1 × 10−4) with
early stopping (patience = 10). Each model was trained with a batch size of 32 for up to
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120 epochs. The early stopping mechanism terminated training if the validation metric did
not improve for ten consecutive epochs. We designed seven experimental configurations to
evaluate the contribution of each architectural component. These configurations ranged
from the standard ResNet50 baseline to hybrid CBAM + BNNeck models (Table 1).

Table 1. Experimental configurations used to evaluate the contribution of each architectural component.

Experiment ID Backbone Architecture Attention Neck

1 ResNet50 - Standard (Baseline)
2 ResNet50 SEBlock Standard
3 ResNet50 SEBlock BNNeck (Pre-BN)
4 ResNet50 SEBlock BNNeck (Post-BN)
5 ResNet50 CBAM Standard
6 ResNet50 CBAM BNNeck (Pre-BN)
7 ResNet50 CBAM BNNeck (Post-BN)

To enable a rigorous head-to-head comparison, HotSpotter was evaluated on the exact
same dataset of 3311 cropped images under an All-to-All querying protocol. Each image
served as a query against the entire database, excluding self-matches. Performance across
all eight configurations (seven deep learning variants plus HotSpotter) was benchmarked
using mean Average Precision (mAP) and cumulative matching characteristics (CMC)
curves up to Rank-10.

2.6. Performance Evaluation and Model Interpretability

We evaluated model performance using cumulative matching characteristics (CMC)
for Rank-1 and Rank-5 accuracy, as well as mean Average Precision (mAP). To ensure
model transparency, we used gradient-weighted class activation mapping (Grad-CAM) to
visualize attention heatmaps [16]. We further defined a spatial attention integrity score that
quantifies how well the model’s attention aligned with the diagnostic head region. For each
test image, the Grad-CAM activation map was thresholded. We then compared this map
with the manually annotated head-scale region. The system expressed the overlap as an
intersection-over-union ratio between the high-activation area and the annotated biometric
markers on the water monitor’s head. The reported value (e.g., 91.48%) is the mean overlap
ratio, which we averaged across all evaluated test images for a given configuration.

2.7. Statistical Significance Testing

To rigorously validate the performance differences observed among the seven deep
learning architectures, we conducted a matched-pair statistical analysis on the Rank-1
binary identification outcomes (correct vs. incorrect) generated by the models across the
entire open-set evaluation test set. Cochran’s Q test [17] was first employed to determine
if there were statistically significant variations in identification performance across all
architectures. Following a significant Cochran’s Q result, we performed post hoc pairwise
comparisons between the primary baseline (ResNet-50) and each augmented configuration
to isolate specific performance deviations. To maintain statistical rigor and mitigate Type I
error inflation arising from multiple comparisons, we utilized McNemar’s exact test [18]
coupled with a Bonferroni correction, establishing a conservative significance threshold of
αadj ≈ 0.0083 (0.05 divided by 6 comparisons) [19].

3. Results
3.1. Dataset Composition and Screening

The initial data collection yielded 15,469 images representing 291 individual water
monitors. From this dataset, we established 510 Side-IDs to account for bilateral asymme-
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try. We noted that only a single side was captured for 72 individuals. To ensure model
robustness, we applied a strict image-per-ID threshold for the experimental sets:

• Training Set (Closed-set Evaluation): This set comprised 50 Side-IDs featuring a high
data density of 30–40 images per ID, and contained a total of 1825 images, which
provided sufficient intra-class variation;

• Test Set (Open-set Evaluation): This set comprised 161 Side-IDs, including the
50 known training IDs and 111 novel IDs that the model did not encounter during
training, and included 3311 images with a density of 10–40 images per ID.

We excluded the remaining 349 Side-IDs from the primary experiments owing to
insufficient image counts. This exact 3311-image test set was evaluated across all deep
learning configurations and the HotSpotter benchmark.

3.2. Comparative Model Performance Benchmark

To evaluate non-invasive photographic re-identification for Varanus salvator, we bench-
marked the primary handcrafted baseline framework, HotSpotter [7], alongside seven
deep learning configurations based on a ResNet-50 backbone [8]. Performance was eval-
uated using Rank-1 and Rank-5 retrieval accuracy, mean Average Precision (mAP), and
spatial attention integrity scores (for deep learning architectures). Table 2 summarizes these
comparative results, with the traditional baseline positioned prominently to establish the
benchmark performance. Furthermore, to offer practical insight into the computational cost
of the proposed approach, training time was recorded. For each of the seven deep learning
model configurations, completing a single full training run required approximately 23–24 h
on the designated workstation.

Table 2. Performance metrics and spatial attention integrity scores comparing the eight configurations.

Experiment ID Experiments Rank-1 (%) Rank-5 (%) mAP (%) Spatial Attention Integrity (%)

1 Baseline (ResNet50) 75.39 87.71 55.97 89.34
2 ResNet50 + SEBlock 74.54 88.25 55.49 88.26
3 ResNet50 + SEBlock + BNNeck (Pre) 60.92 80.4 40.06 88.09
4 ResNet50 + SEBlock + BNNeck (Post) 67.14 85.47 45.73 90.35
5 ResNet50 + CBAM 71.19 87.32 51.69 90.66
6 ResNet50 + CBAM + BNNeck (Pre) 72.64 87.13 53.57 91.48
7 ResNet50 + CBAM + BNNeck (Post) 74.81 88.1 55.73 90.32
8 HotSpotter (LNBNN + SIFT) 99.88 100 90.4 -

Figure 4 illustrates the retrieval performance across various ranking depths using CMC
curves. The curves demonstrate that HotSpotter achieved near-perfect retrieval accuracy
across all rank depths, outperforming all deep learning configurations by a substantial
margin. Among the deep learning models, accuracy values converged rapidly toward
higher accuracy by Rank-5, with Experiments 1, 2, 5, 6, and 7 approaching or exceeding 87%.

To rigorously evaluate performance differences among the seven deep learning archi-
tectures (N = 3311 test queries), a Cochran’s Q test [17] was conducted on matched binary
Rank-1 outcomes. The test confirmed statistically significant overall performance variation
across models (Q = 373.88, d f = 6, p < 0.001).

Post hoc pairwise McNemar’s tests [18] with Bonferroni correction (αadj = 0.0083) [19]
revealed that the standard Baseline ResNet-50 (75.40%) performed statistically equivalently
to ResNet50 + SEBlock (74.29%, p = 0.1982) and ResNet50 + CBAM + BNNeck (Post)
(74.63%, p = 0.3741). Conversely, all other modifications resulted in a statistically significant
degradation in Rank-1 accuracy (p < 0.0083), with the largest performance drop observed
in SEBlock + BNNeck (Pre) (61.32%, p < 0.001) (Table 3). Adhering to model parsimony,
Baseline ResNet-50 remains the optimal architecture for this task.
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Figure 4. Comparison of cumulative matching characteristics (CMC) curves for the eight evaluated
configurations. The graph illustrates the probability of correct individual identification within the
top 1–10 candidates that the system returned.

Table 3. Pairwise McNemar’s test results comparing Baseline ResNet-50 with augmented variants.

Model Comparison Baseline Rank-1 (%) Variant Rank-1 (%) p-Value Significant

Baseline vs. SEBlock 75.4 74.29 0.1982 No
Baseline vs. SEBlock + BNNeck (Pre) 75.4 61.32 1.50 × 10−49 Yes
Baseline vs. SEBlock + BNNeck (Post) 75.4 67.37 6.01 × 10−19 Yes

Baseline vs. CBAM 75.4 71.53 1.05 × 10−5 Yes
Baseline vs. CBAM + BNNeck (Pre) 75.4 72.61 0.0013 Yes
Baseline vs. CBAM + BNNeck (Post) 75.4 74.63 0.3741 No

3.3. Key Experimental Findings and Algorithmic Comparison

A systematic analysis of the empirical data reveals several key insights regarding the
trade-offs between handcrafted feature matching and learned deep representations:

• Superiority of Handcrafted Feature Matching (HotSpotter Benchmark): HotSpotter [7]
achieved the highest overall re-identification performance by a significant margin,
recording a Rank-1 accuracy of 99.88%, a Rank-5 accuracy of 100.00%, and an mAP
of 90.40%. This dominant result demonstrates that traditional local feature matching
utilizing Hessian Affine keypoint detectors paired with Scale-Invariant Feature Trans-
form (SIFT) descriptors and Local Naive Bayes Nearest Neighbor (LNBNN) scoring is
exceptionally robust for extracting distinctive scale pattern biometric identifiers on
lizard heads without requiring offline model training.

• Deep Learning Baseline Performance and Representation Constraints: Among the
seven deep learning variants, the unaugmented baseline ResNet 50 model [8] achieved
the highest deep learning accuracy, reaching a Rank-1 accuracy of 75.39% and an mAP
of 55.97%. This was closely matched by Experiment 7 (ResNet 50 + CBAM + BNNeck
Post-BN) [10,11] at 74.81% Rank-1 accuracy and 55.73% mAP. These results indicate
that while deep networks successfully extract discriminative features, their precision
remains constrained when trained under limited sample sizes per individual.
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• Spatial Attention Integrity and Feature Localization: Incorporating the Convolu-
tional Block Attention Module (CBAM) [10] enhanced the network’s ability to fo-
cus feature activation on diagnostic anatomical areas. Specifically, Experiment 6
(ResNet 50 + CBAM + BNNeck Pre-BN) achieved the highest spatial attention in-
tegrity score at 91.48%, confirming that sequential channel and spatial attention effec-
tively guide neural features toward informative head-scale regions. However, despite
achieving the highest spatial focus score due to its broad coverage of the designated di-
agnostic region, Experiment 6 was not the most accurate deep learning model (Rank-1:
72.64%). This discrepancy suggests that deep neural networks do not necessarily rely
on holistic, head wide pattern areas in the same manner as human observers, but may
instead extract re-identification cues from compact, highly discriminative sub-features.
(Note: Spatial attention integrity metrics are not applicable to HotSpotter, as it relies
on discrete keypoint descriptors rather than continuous activation heatmaps.)

• Impact of Structural Complexity and Bottlenecks: Conversely, configurations com-
bining Squeeze-and-Excitation blocks (SEBlock) [9] with a BNNeck structure [11]
exhibited performance degradation. The Pre-BN variant (Experiment 3) recorded the
lowest performance across all evaluated models (Rank-1: 60.92%, mAP: 40.06%). This
suggests that adding architectural complexity alongside loss optimization constraints
can aggravate overfitting in data-constrained wildlife re-identification scenarios.

4. Discussion
4.1. Practical Suitability and Immediate Field Viability

The empirical results of this study establish that traditional local feature matching
via HotSpotter [7] is the primary, immediately deployable solution for non-invasive re-
identification of Asian water monitors (Varanus salvator). HotSpotter achieved near-perfect
retrieval capability, recording a Rank-1 accuracy of 99.88% and a mean Average Precision
(mAP) of 90.40%. It significantly outperformed all seven evaluated deep learning config-
urations, where the top-performing baseline ResNet-50 [8] reached a maximum Rank-1
accuracy of 75.39% and an mAP of 55.97%.

The observed performance disparity highlights distinct operational roles for classical
feature matchers and deep learning representations in wildlife monitoring. For small-
to-medium monitoring datasets, handcrafted feature matchers eliminate the necessity of
extensive offline model training while delivering superior standalone retrieval precision.
Conversely, although deep learning configurations currently yield lower top-rank preci-
sion, their Rank-5 accuracy exceeding 87% underscores their utility as robust candidate
retrieval engines.

Crucially, our proposed framework operates strictly as a human-in-the-loop decision-
support system rather than an autonomous decision-maker. As illustrated in Figure 5,
the pipeline shortlists the most probable candidate identities (Top-1 to Top-5) alongside
similarity distance metrics, streamlining gallery screening and substantially reducing re-
searchers’ cognitive workload during capture–mark–recapture (CMR) surveys [3]. Because
final identity verification is performed by a human expert acting as a gatekeeper, algo-
rithmic false positives and false negatives are filtered out prior to demographic modeling.
This operational design effectively prevents misidentification bias from propagating into
downstream population density and survival estimates.
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Figure 5. Visual examples from the retrieval system, including the query (ID) alongside the top
1–5 results that the system selected. The text marks the distance values and similarity percentages.
These metrics demonstrate system performance across different conditions. A green frame indicates
that the system guessed the identity correctly. By contrast, a red frame indicates that the system
guessed partially or completely incorrectly.

4.2. Dataset Scale Constraints and Root Causes of Deep Learning Limitations

The primary constraints on deep learning performance in this study are dataset scale
and sample density per identity. The training set was restricted to 50 individual Side-IDs
with 30–40 images per ID, reflecting the real-world operational challenges of field data
collection in natural and semi-urban habitats [13].

From an algorithmic perspective, deep metric learning architectures relying on triplet
loss require extensive inter-class feature diversity and dense sample representation to
optimize embedding spaces effectively [15]. In a restricted ID pool, the frequency of infor-
mative hard negative mining is diminished, leading to sub-optimal decision boundaries for
open-set re-identification [14]. Furthermore, environmental noise such as varying lighting
conditions, severe mud coverage, specular skin reflections, and dynamic body contortions
requires higher sample density per individual for deep convolutional layers to learn in-
variant representations [20]. Conversely, HotSpotter’s SIFT/LNBNN formulation operates
as a non-parametric, zero-shot keypoint matcher; it bypasses parametric representation
learning altogether, making it inherently immune to small-sample overfitting [7].

4.3. Comparative Trade-Offs and Computational Scalability

Rather than asserting an unconditional superiority of one paradigm over another, prac-
tical deployment depends on specific operational constraints and dataset scales. Distinct
trade-offs exist between handcrafted keypoint matching and learned deep representations.

Traditional SIFT-based matching via HotSpotter achieves superior matching accuracy
on limited sample sizes because keypoint detection focuses directly on invariant local scale
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patterns [7]. However, SIFT matching incurs a computational complexity of O(N) per
query against the descriptor database, resulting in exponential increases in query latency
and memory overhead as image galleries expand [13].

In contrast, deep neural networks compress high-dimensional image inputs into
compact, fixed-dimensional embedding vectors (e.g., 256 or 512 dimensions). This repre-
sentation enables sub-linear or constant-time O(1) similarity retrieval across massive image
galleries when paired with approximate nearest neighbor vector indexing frameworks
such as FAISS [13]. Additionally, deep learning backbones can be integrated into unified,
end-to-end processing pipelines combining real-time object detection (e.g., YOLOv8) and
feature extraction, enabling direct deployment onto edge-AI hardware or autonomous
camera traps [20,21].

Finally, the empirical literature on computer vision scaling laws demonstrates that
while handcrafted SIFT descriptors possess static representation capacity, deep learning
models adhere to power-law performance gains relative to dataset volume [14]. Stud-
ies across diverse wildlife taxa confirm that when training datasets scale substantially in
both individual count and sample density, deep learned representations progressively
overcome local occlusion noise and surpass classical feature matchers in operational
scalability [8,13,22].

4.4. Broader Conservation Implications and Future Directions

The successful deployment of photographic re-identification at Kasetsart University
confirms the viability of computer vision as a welfare-friendly decision-support tool for
urban Varanus salvator management. By replacing invasive physical tagging with photo-
graphic tracking, researchers can monitor population demographics while safeguarding
animal welfare.

Future work should focus on advancing both algorithmic robustness and dataset
comprehensiveness. To improve performance in open-world and data-scarce scenarios,
future research should implement adaptive distance thresholding (θ) for explicit automated
open-set rejection of novel individuals, alongside Few-Shot Metric Learning architectures
to enhance generalization across low-sample regimes (e.g., 1–3 reference images per in-
dividual). Concurrently, expanding dataset diversity across varied lighting conditions
and complex body contortions will improve feature representation invariance. From a
practical deployment perspective, future efforts should target transferring unified detection
and re-identification pipelines onto resource-constrained edge-AI hardware. Integrating
these automated pipelines with municipal park surveillance infrastructure (CCTV) holds
significant potential for establishing continuous, scalable wildlife monitoring networks
within modified urban ecosystems.

4.5. Temporal Pattern Stability, Ontogenetic Shifts, and Localized Scarring Dynamics

A fundamental assumption underlying photographic re-identification frameworks
is that individual skin patterns remain sufficiently stable over time to allow consistent
matching. To date, no formal empirical studies have documented the temporal stability of
skin markings in Asian water monitors (V. salvator). Based on our longitudinal field obser-
vations spanning over four years and structured dataset collection over three consecutive
years, we identified two critical dynamic phases in pattern development:

• Ontogenetic Pattern Shifts in Juveniles (<1.3 m. total length): Juvenile individuals ex-
hibit noticeable pattern metamorphosis and rapid shifts in spot density and contrast as
they mature. Automated feature matching algorithms trained solely on adult patterns
may encounter higher degradation when matching juvenile to adult transitions.
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• High Pattern Stability in Sub-Adults and Adults (>1.3 m. total length): Once individu-
als attain sub-adult status, typically marked by a total length exceeding 1.3 m, their
pattern configurations stabilize almost completely. Overall, a total of 90 individuals
were encountered only once during the survey. To quantitatively validate this stability,
we analyzed a longitudinal subset of 14 sub-adult and adult individuals tracked over
intervals ranging from 12 to 36 months, with a maximum time gap of 36 months be-
tween the initial and final photographic encounters (Figure 6). Across this recaptured
cohort, individuals were re-encountered an average of five times per ID (Figure 7).
Longitudinal comparisons across these temporal intervals demonstrated near-zero
structural drift in local skin markings (Figure 8a), validating that adult head-scale
markings serve as highly reliable visual fingerprints for long-term tracking.

However, researchers must account for localized pattern alterations induced by physi-
cal trauma. In our dataset, a specific case study documented an adult individual experienc-
ing skin injury across a light-pigmented pattern zone. Upon tissue healing, the regenerated
epidermal area transformed into a dense, dark scar patch (Figure 8b).

Figure 6. Duration between the first and last encounters. The bar chart illustrates the time span (in
months) from the initial to the final observation of individuals.

Figure 7. Frequency of repeat encounters. The bar chart displays the number of individuals recorded
across varying numbers of encounters (ranging from 2 to 26 times).
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Figure 8. Longitudinal comparison of skin pattern stability in an adult Varanus salvator across three
consecutive years (a) and a case study of localized pattern modification due to scarring (b). with red
circles indicating the site of injury and subsequent pattern changes after healing.

5. Conclusions
This study evaluated non-invasive photographic re-identification (Re-ID) approaches

for urban Asian water monitors (Varanus salvator) based on unique lateral head-scale
patterns (Side-ID). The comparative evaluation demonstrated distinct trade-offs between
traditional feature matching and deep learning architectures:

Feature Matching Baseline: Traditional SIFT/LNBNN matching via HotSpotter
achieved the highest performance, with a Rank-1 accuracy of 99.88% and a mean Average
Precision (mAP) of 90.40%. This confirms that local feature matching provides a highly
accurate, immediately deployable solution for current dataset sizes without requiring
model training.

Deep Learning Framework: Among the evaluated deep learning configurations, the
baseline ResNet50 achieved the highest performance (75.39% Rank-1, 55.97% mAP). Across
multiple configurations, Rank-5 accuracy exceeded 87%, indicating its utility as a decision-
support tool to reduce manual screening effort in capture–mark–recapture (CMR) work-
flows. The primary constraints on deep learning performance in this study were dataset
scale and the number of training identities. Future research should focus on expanding
dataset volume and diversity, integrating end-to-end detection pipelines, and optimizing
models for automated field operations. Overall, photographic Re-ID serves as a feasi-
ble, non-invasive alternative to traditional physical-marking methods for water monitor
population monitoring.
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Grad CAM Gradient-weighted class activation mapping
mAP Mean Average Precision
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