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Abstract. We present a non-invasive re-identification system for Mediter-
ranean spur-thighed tortoises (Testudo graeca) that exploits the anatom-
ically conserved arrangement of 13 carapace scutes as a structural prior,
decomposing identity matching into semantically meaningful part-level
comparisons. The pipeline integrates YOLOv11 instance segmentation
(96.0% mAP@50), Hungarian algorithm–based geometric alignment to a
canonical template (96.7% labeling accuracy), a fine-tuned Vision Trans-
former with SubCenter ArcFace and Multi-Similarity losses (d′ = 2.26),
and a weighted geometric-mean aggregation of per-scute cosine simi-
larities. On a curated dataset of 150 tortoises collected at the Gazelle
Valley Urban Nature Park, Jerusalem, closed-set evaluation achieves
66.7% Top-1 (95% CI: 54.0–77.8%), 87.3% Top-5, and 98.4% Top-10,
improving over a whole-image baseline by +40.1 pp Top-1 (McNemar
χ2 = 21.3, p < 10−3; Cohen’s h = 0.88). Inference-time k-reciprocal
re-ranking lifts Top-1 to 69.8% without retraining. We additionally eval-
uate against 138 genuinely unseen tortoises from a separate field archive
and find that a leave-N-out simulation overestimates open-set AUC by
up to 55% (0.930 → 0.600, DeLong p < 10−10), revealing that stan-
dard simulated protocols mis-state deployment performance whenever
the metric-learning loss sees every identity at training time. The deploy-
able operating point is thus a Top-5 human-in-the-loop workflow (87.3%);
we also analyse stage-wise error propagation and field robustness. The
full annotated dataset and code will be released.

Keywords: Wildlife re-identification · Tortoise · Part-based matching
· Vision Transformer · Hungarian algorithm · Open-set recognition.

1 Introduction

Individual identification of wildlife underpins modern conservation biology, en-
abling researchers to monitor population dynamics, estimate survival, and evalu-
ate management interventions [30]. For long-lived species such as tortoises, which
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may survive several decades, reliable individual recognition is essential for longi-
tudinal mark–recapture studies. Mediterranean spur-thighed tortoises (Testudo
graeca) are classified Vulnerable on the IUCN Red List [35] and face habitat loss,
road mortality, and illegal collection [25,6,27].

Traditional marking methods carry substantial welfare costs: shell notch-
ing damages tissue [26], paint markers obstruct UV radiation [38], and PIT
tags require invasive implantation [3], all under stressful handling [5]. Photo-
identification from natural markings offers a non-invasive alternative that has
succeeded across whales [7,10], zebras [11], tigers [22], seals [24], elephants [32],
and sea turtles [8,9,16]. The biological foundation for tortoise photo-identification
is strong: scutes form through reaction–diffusion dynamics during embryogene-
sis [23], and terrestrial chelonians do not undergo ecdysis, so the original pat-
tern geometry is preserved throughout life [1]. Plastron morphometry achieves
97.5–99.8% identification on T. graeca ibera [17], but requires manual landmark
annotation incompatible with automated, non-invasive pipelines.
Application context. This work addresses a concrete conservation need at the
Gazelle Valley Urban Nature Park, Jerusalem, operating a rehabilitation pro-
gram for spur-thighed tortoises confiscated from illegal captivity. Efrat Yagur,
who is responsible for wildlife at the park and a co-author of this paper, monitors
a resident population exceeding 200 individuals; current practice relies on man-
ual visual comparison of carapace photographs, scaling linearly with population
size and demanding 15–30 minutes per identification.4 The deployment target is
therefore not autonomous Top-1 recognition but a Top-5 shortlist that staff con-
firm, replacing exhaustive pairwise comparison with a check of five candidates
(Table 1).
Contributions. We make four contributions:

– A scute-level re-identification pipeline that leverages the standardized 13-scute
anatomical template (Figure 1), decomposing whole-image matching into se-
mantically meaningful part comparisons with anatomically consistent type
matching (V1↔V1, etc.).

– We show that the conserved 13-scute geometry alone—without any learned
localisation head—suffices to assign anatomical labels at 96.7% accuracy un-
der viewpoint and orientation variation, via Hungarian matching to a fixed
Mahalanobis template with a Smart Rotation Search fallback for ambiguous
orientations.

– Empirical demonstration that part-based decomposition lifts Top-1 accuracy
by +40.1 pp over a whole-image baseline (McNemar χ2 = 21.3, p < 10−3;
Cohen’s h = 0.88), accompanied by a stage-wise error-propagation analysis
through the full segmentation → alignment → embedding cascade.

– A real open-set evaluation against 138 genuinely unseen tortoises, paired with
a leave-N-out simulation that serves as an upper-bound reference. The simula-
tion overestimates open-set AUC by up to 55%, revealing a systematic bias of
leave-N-out protocols when the metric-learning loss trains on every identity.

4 Estimated by park staff during data collection.
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Fig. 1: Carapace scute anatomy of Testudo graeca. The 13 carapace scutes are
arranged in a conserved pattern: five vertebral (V1–V5, green) along the midline,
four costal scutes on each flank (L1–L4, orange; R1–R4, blue), and the unpaired
nuchal (purple) at the anterior midline immediately above the neck. The nuchal,
together with the detected head, fixes the forward direction of the shell and serves
as the structural prior for the proposed pipeline.

2 Related Work

Wildlife re-identification. The field has migrated from hand-crafted descrip-
tors (e.g. the SIFT-based HotSpotter [11] and astronomical pattern-matching
for whale sharks [2]) toward deep metric learning. MegaDescriptor [29] pre-
trains a Vision Transformer [15] on millions of wildlife images spanning hundreds
of species and provides powerful transfer features even for low-shot regimes. Mod-
ern re-identification systems combine triplet loss [31,19] with angular-margin
losses [14]; recent variants such as Multi-Similarity loss [37], SubCenter Arc-
Face [13], and center loss [39] address pair mining, intra-class variance, and
feature compactness, respectively. At the post-retrieval stage, k-reciprocal re-
ranking [40] exploits gallery structure to sharpen initial similarities. Domain-
specific systems include ATRW for Amur tigers [22], SealID for Saimaa ringed
seals [24], and fully automated photo-ID for humpback whales [10].
Chelonian photo-identification. Sea turtle facial-scale identification reaches
over 90% Top-1 [8,9,16], leveraging high-contrast facial scale patterns. For ter-
restrial tortoises, plastron morphometry achieves 97.5–99.8% accuracy [17] but
requires manual landmark annotation and physical handling. Citizen-science
photo-ID has been validated for endangered reptiles [18]. To our knowledge, no
prior work has delivered a fully automated deep-learning system for re-identifying
terrestrial tortoises from carapace scute patterns; the present work fills this gap.
Part-based representations. Part-based methods decompose images into se-
mantic regions, providing robustness to occlusion and viewpoint. PCB demon-
strated the benefit for person re-identification [34]; similar approaches succeeded
for tigers [22] and seals [24]. Where parts have known semantic identity, the
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Fig. 2: End-to-end re-identification pipeline. Input image is processed by
YOLOv11 instance segmentation, anatomical labels are assigned by Hungarian
matching to a canonical template, uncertain assignments are quality-filtered,
each scute crop is embedded by a fine-tuned Vision Transformer, type-matched
cosine similarities are aggregated by weighted geometric mean, and the Top-k
identity is returned. Arrow annotations indicate inter-stage data signatures.

matching problem reduces to optimal assignment via the Hungarian algorithm [21].
We exploit the anatomically conserved 13-scute carapace as natural part bound-
aries with type-matched comparisons.
Open-set recognition. Standard closed-set protocols overstate deployment
readiness because real systems must reject queries from unseen identities. Ex-
treme value theory [28] and OpenMax [4] provide principled frameworks for
novelty detection on top of trained recognition systems. We empirically quan-
tify a more subtle bias: when the metric-learning loss trains on all K enrolled
identities (as is standard with ArcFace), leave-N-out simulations leak identity
information through the learned embedding, inflating reported open-set AUC.

3 Method

We formulate tortoise re-identification as a hierarchical matching problem ex-
ploiting the anatomically conserved carapace structure. The pipeline (Figure 2)
decomposes the shell into its 13 constituent scutes and performs identity infer-
ence through aggregated part-level comparisons.

3.1 Scute Detection and Instance Segmentation

The first stage employs YOLOv11 [20] with a segmentation head, trained to
detect four anatomically distinct classes: scute, tortoise_shell, head, and
nuchal. The latter two serve as anatomical landmarks for subsequent geomet-
ric alignment. We trained YOLOv11x-seg on 856 manually annotated images,
with standard augmentations (rotation ±15◦, scaling 0.8–1.2×, horizontal flips,
brightness/contrast/saturation), AdamW (η = 10−3, cosine schedule), 300 epochs
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with early stopping, initialized from COCO weights. At inference we keep de-
tections with confidence ≥ 0.5, yielding 12.5± 1.6 scutes per image.
Crop extraction. Each scute instance is extracted by computing the minimum
enclosing rectangle of its mask, applying a 15% margin expansion to preserve
boundary context, and resizing to 384× 384 pixels using Lanczos interpolation.
We retain the unmasked crop: the Vision Transformer’s global self-attention can
exploit inter-scute boundary topology—identity-bearing geometric information
that background masking would discard. A mask-area filter (< 500 px) and shell-
overlap verification (centroid inside the detected shell) reject spurious detections.

3.2 Geometric Alignment and Scute Labeling
Each detected scute receives an anatomical label {V1–5,L1–4,R1–4} via Hungar-
ian matching [21] to a canonical template.
Coordinate normalization. Detected scute centers are transformed into a
normalized shell frame in which the lateral axis spans [−0.5, 0.5] and the forward
axis spans [0, 1]. The frame is established by a priority cascade: (i) head + nuchal
landmarks (forward vector points from shell centroid to their midpoint); (ii) shell
ellipse fit (narrow end ⇒ anterior); (iii) PCA fallback on scute centers. Only the
head and nuchal are used as orientation landmarks; the tail is deliberately not
detected, as it is often retracted or occluded and the head–nuchal axis already
fixes the anterior–posterior direction.
Hungarian assignment. For n detected scutes the cost matrix C ∈ Rn×13 has
entries

Cij =

√(
lati−µlat

j

σlat
j

)2
+
(

fwdi−µfwd
j

σfwd
j

)2
+ λij , (1)

where (µj , σj) are learned position statistics for scute type j, and λij is a position-
adaptive penalty (λ = 8–15 for cross-side, 5–10 for vertebral displacements). As-
signments exceeding τ = 4.0 Mahalanobis units (under our diagonal-Σ assump-
tion, equivalent to standardized Euclidean distance) are rejected. The Hungar-
ian algorithm solves π⋆ = argminπ

∑
i Ci,π(i) in O(n3). Because the minimum

penalty exceeds τ , anatomically implausible assignments are unconditionally re-
jected.
Smart Rotation Search. When the initial labeling confidence falls below
γthresh = 0.75 or fewer than 5 inliers exist, we test the four cardinal rotations
and select θ⋆ = argmaxθ

[
10 ·nin(θ)+γ(θ)

]
with γ∈ [0, 0.95]; the 10× multiplier

ensures inlier count dominates with confidence as tiebreaker.

3.3 Feature Extraction
We build on MegaDescriptor-L-384 [29], a Vision Transformer [15,36] that
embeds each 384×384 scute crop into a 1536-d feature vector. Per crop, a two-
layer projection head with LayerNorm, GELU, and dual dropout maps this vec-
tor to a compact 512-d embedding e—the per-scute representation used in all
subsequent matching:

z = DO2

(
LN2(W2 DO1(GELU(LN1(W1f + b1))) + b2)

)
, e = z/∥z∥2, (2)
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with W1 ∈ R1024×1536, W2 ∈ R512×1024, DO1 = 0.4, DO2 = 0.2.
Composite loss.

L = λmsLMS + λtriLtriplet + λcenLcenter + λarcLSubArc + λscuteLscute, (3)

combining Multi-Similarity [37], batch-hard triplet [19], center [39], SubCen-
ter ArcFace [13] (K=2 sub-centers/identity, accommodating intra-class variance
from wet/dry shell, mud, lighting), and a 13-way scute-type classification head
as auxiliary regularizer (λscute=0.1). At inference the classification heads are
discarded; only e is used for cosine retrieval.
Chirality preservation. Horizontal and vertical flips are strictly disabled: mir-
roring an L1 scute creates a synthetic geometry identical to R1, directly violating
the structural prior. Rotations are restricted to ±20◦.
Three-stage training. The training schedule is the principal methodological
contribution that enabled successful fine-tuning of the large backbone in our ex-
treme few-shot regime (∼2.4 images/identity). The loss weights λ• refer to the
composite loss in Equation (3). Phase 1 (50 epochs): backbone frozen, projec-
tion head only (η = 5×10−4, OneCycleLR [33] with 10% warmup); Phase 2
(ArcFace-dominant, 100 epochs): full network with differential learning rates
(5×10−6 backbone, 5×10−5 head/loss parameters), λarc=1.0, λms=1.0, λtri=0, Ar-
cFace scale s=64, margin m=0.25; Phase 3 (pairwise recalibration, 50 epochs):
η = 10−5, λms=1.5, λtri=1.0, λarc=0.15, s=20,m=0.4 (λcen=0.2 throughout).
Removing triplet loss during Phase 2 eliminates the gradient conflict between
pairwise metric and classification objectives, allowing ArcFace’s angular margin
to dominate the optimization landscape; Section 4.5 confirms that the original
single-stage configuration consistently degraded performance.

3.4 Similarity Matching and Inference Toolchain

For each scute type s ∈ S present in both query q and gallery entry t, we compute
cosine similarity sims(q, t) = esq·est and aggregate via a weighted geometric mean:

S(q, t) = exp
(∑

s∈Sq,t
ws log sims(q,t)∑
s∈Sq,t

ws

)
. (4)

Acting as a normalised product t-norm, the geometric mean is hyper-sensitive
to severe local mismatches—a confident mismatch on any anatomical part sub-
stantially lowers identification confidence. We clamp similarities to max(ϵ, sims)
with ϵ=10−6 before the logarithm.
Inference toolchain. Three components stack on top of Equation (4): (i) Max-
similarity gallery construction retains all gallery exemplars per identity and
keeps the maximum cosine similarity per scute type (robust to a single low-
quality gallery photograph); (ii) Query-side test-time augmentation (Q-TTA)
averages embeddings over 9 deterministic transforms of the query crop; (iii) k-
Reciprocal re-ranking [40] (k1=5, k2=3, λ=0.9) is applied to non-augmented em-
beddings, since TTA-smoothed embeddings attenuate the local neighborhood
structure that re-ranking exploits.
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3.5 Open-Set Evaluation Protocols

Deployment requires handling truly unseen tortoises. We design two complemen-
tary protocols:
Primary — real open-set. 145 adult tortoise photographs from a separate

field archive of the reserve, never seen by any component of the training
pipeline. Hash-based duplicate detection and manual verification of ≥ 0.85-
similarity matches removed 7 misfiled images, yielding 138 clean unknowns.
The full 150-tortoise gallery is used; 63 known validation queries serve as
positive controls. AUC is computed per score-derived feature.

Complementary — leave-N-out simulation. For each holdout N ∈{2, 4, 6, 8},
N identities are randomly removed from the 34 evaluation tortoises, treated
as “unknown” probes against the remaining gallery. Repeated 100× per set-
ting. Caveat: all 34 identities were in ArcFace training, so this protocol upper-
bounds, rather than matches, deployment performance.

4 Experiments and Results

4.1 Dataset and Evaluation Protocol

Photographs of T. graeca were collected at the Gazelle Valley Urban Nature
Park, Jerusalem, over several months using consumer smartphones under natu-
ral lighting, during routine veterinary care visits requiring no additional handling
beyond standard husbandry. Efrat Yagur, who is responsible for wildlife at the
park, coordinated data collection. After merging duplicate identifiers and ex-
cluding one identity whose images failed quality filtering, the dataset contains
150 tortoises, 363 images and 4,560 scute crops (mean 2.42 images per tortoise;
12.6 scutes per image). We adopt a smart split: the 116 tortoises with ≤ 2 images
contribute only to training, while the 34 tortoises with 3+ images split between
training (68 images) and validation (63 valid queries). We report Top-k accuracy
and Mean Reciprocal Rank with 95% identity-stratified percentile bootstrap CIs
(n = 1000).
Closed-set protocol. The gallery contains the 34 evaluation tortoises, aggre-
gated by the max-similarity rule of Section 3.4 unless otherwise stated. This
reflects deployment in which the system identifies individuals from a known,
enrolled population. The correct identity is always present.

4.2 Detection and Labeling

YOLOv11x-seg achieves 96.0% mAP@50 for box detection and 95.5% mAP@50
for masks across 1,878 instances on a held-out validation set (98.6% precision,
91.6% recall). Per-class mAP@50: scute 99.4%, shell 99.0%, head 96.4%, nuchal
94.9%. Hungarian alignment correctly labels 4,152/4,293 = 96.7% of scutes
evaluated on 348 images, with 81.6% of images perfect; lateral scutes attain
98.1–98.2%, vertebral 95.5%. Importantly, evaluation exposed no systematic con-
fusions—no left/right swaps and no adjacent-vertebral confusions—confirming
that the Smart Rotation Search robustly resolves orientation ambiguity.
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Table 1: Closed-set re-identification (63 queries, 34-tortoise gallery). McNemar’s
test computed on the 59 queries common to both methods: χ2 = 21.3, p < 10−3;
Cohen’s h = 0.88 (large). 95% CIs in brackets.

Method Top-1 (%) Top-1 macro Top-3 Top-5 Top-10 MRR

Whole-image 26.6 — 51.6 67.2 87.5 0.445

Scute-based 66.7
[54.0–77.8]

61.3 76.2 87.3 98.4 0.755

∆ +40.1 — +24.6 +20.1 +10.9 +0.310

4.3 Re-Identification: Closed-Set Results

Table 1 contrasts the proposed scute-based method with a whole-image baseline
trained with the same backbone, training protocol, and data splits.

The scute-based pipeline reaches 66.7% Top-1 and 98.4% Top-10 (62/63; the
lone failure ranks 15); all 63 queries shared ≥8 scute types with their gold entry.
Embedding-space quality. The learned embedding achieves d′ = 2.26 (with
d′=(µdiff−µsame)/

√
1
2 (σ

2
diff+σ2

same) on cosine-distance distributions), well above
the d′ > 1.0 biometric threshold [12]; same-identity pairs (dcos = 0.213± 0.137)
are well-separated from different-identity pairs (0.755±0.310). All 13 scute types
attain d′ ≥ 1.9 (range 1.90–2.40), explaining why uniform weighting matches
optimized weights (p = 0.48). Figure 3 visualises identity clustering on the eval-
uation set.
Comparison with broader wildlife re-ID literature. Cross-taxa compari-
son is confounded by species distinctiveness, gallery size, and images-per-identity,
so Table 2 is contextual, not a benchmark: established systems exploit more
distinctive markings and far richer data (sea-turtle facial scales [9,8], ATRW
tigers [22], humpback flukes [10]). We instead tackle subtler variation in T. graeca
at 2.4 images/identity, where the Top-5 workflow (87.3%) is operationally com-
parable under far harder conditions.

4.4 Open-Set Novelty Detection

To address the realistic deployment scenario in which previously unseen tor-
toises arrive at the reserve, we evaluate against the 138 genuinely unseen adult
tortoises described in Section 3.5. We test three score-derived novelty features
summarising the top-k retrieval distribution: the top-1 similarity, the score gap
(top-1 minus top-3), and the top-5 score std (std. of the five highest gallery sim-
ilarities). Table 3 reports per-feature AUC: the headline top-5 score std attains
real AUC = 0.600 (95% CI [0.510, 0.672]), while the leave-N-out simulation over-
estimates across all three. The gap arises because the simulation’s smaller gallery
has every identity seen by the ArcFace loss at training time, leaking identity in-
formation into the embedding. The external archive also carries richer session-,
lighting-, and substrate-variation than the enrolled gallery, so the measured gap
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Fig. 3: t-SNE projection of per-scute embeddings for the 34 evaluation tortoises.
Each tortoise is represented by a unique (color, marker) combination, with mark-
ers cycling through 10 shapes to remain distinguishable under colorblind con-
ditions and grayscale printing. Tight intra-identity clusters confirm d′ = 2.26;
adjacent clusters correspond to the doppelganger pairs identified in Section 4.6.
PCA pre-reduction to 50 dim, perplexity 30, cosine metric.

reflects both this protocol bias and genuinely harder field appearance. Three
gallery identities account for 60% of false acceptances at threshold 0.85, mir-
roring the confuser-hub structure observed in closed-set errors. Although above
chance and statistically robust under Bonferroni correction, the real-AUC values
are too low for autonomous classification: the deployed system therefore returns
the top-5 candidates together with the top-5 score std as an open-set indicator
(a low std flags the query as likely unknown), and a human operator validates
the match or enrols a new identity.

4.5 Consolidated Ablation

Table 4 consolidates the principal ablation factors (backbone fine-tuning, data
availability) and the inference-time toolchain components (max-similarity gallery,
Q-TTA, k-reciprocal re-ranking) into a single page-budget-friendly view. Fine-
tuning under the three-stage protocol provides the largest single improvement
(+27.0 pp; McNemar χ2 = 13.5, p = 2.4×10−4, Cohen’s h = 0.55). Performance
scales consistently with images-per-tortoise (+23.2 pp from 3 to ≥ 5 images),
directly informing data-collection priorities. On the inference side, alternative
scoring strategies (V5 exclusion, costal-heavy weights, drop-worst aggregation,
frozen+fine-tuned ensembles) all match—but never exceed—the 66.7% baseline,
demonstrating that the residual accuracy ceiling resides in the learned represen-
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Table 2: Contextual comparison with established wildlife re-ID systems. Num-
bers are author-reported under each system’s own evaluation protocol; differ-
ences in gallery construction, query selection, and species-level visual distinc-
tiveness make these figures contextual rather than directly comparable.
The Top-5 workflow row reflects our recommended human-in-the-loop deploy-
ment.

System Species |Gallery| Imgs/ID Top-1

HotSpotter [11] Plains zebra 20 ∼10 94%
Carter et al. [9] Green sea turtle 180 ∼5 >90%
ATRW [22] Amur tiger 182 ∼100 89.4%
SealID [24] Saimaa ringed seal 57 ∼20 ∼46–77%
Cheeseman et al. [10] Humpback whale 42,000 — 97–99%

Ours (Top-1) T. graeca 34 2.4 66.7%
Ours (Top-5 workflow) T. graeca 34 2.4 87.3%

Table 3: Open-set discrimination by score-derived feature: real-archive AUC (138
unseen tortoises) against the leave-N-out simulation. The simulation overesti-
mates because every gallery identity was in ArcFace training (DeLong one-sided
p < 10−7 for score gap and p < 10−10 for the headline top-5 score std; the +11%
top-1 similarity gap is not significant, p = 0.16).

Feature Real AUC Sim AUC Overest.

Top-1 similarity 0.584 0.649 +11%
Score gap (top-1− top-3) 0.591 0.881 +49%
Top-5 score std 0.600 0.930 +55%

tations rather than the scoring stage. The lone scoring-stage component that
yields a positive (though under-powered) effect is k-reciprocal re-ranking, which
captures gallery-level structure beyond pairwise cosine.

4.6 Stage-Wise Error Propagation

The pipeline is sequential, prompting the legitimate concern that errors com-
pound across stages. We characterise the cascade outputs directly: YOLOv11
localises 12.5± 1.6 scutes per image (range 3–18), with 95.1% of images yielding
≥ 10 detections; the Hungarian step labels 96.7% of detected scutes correctly,
with no systematic left/right or adjacent-vertebral confusions (Section 4.2); and
all 63 evaluation queries reach the matching stage with ≥8 common scute types
versus their gallery entry. Per-query inspection of a representative near-miss
(true identity ranked second, behind a visually similar gallery individual) shows
all 13 scutes successfully detected and correctly labeled—the misidentification
originates in the embedding/matching stage. The aggregator’s ≥2 common-types
requirement and the quality filter (mask area > 500 px, shell-overlap verification)
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Table 4: Consolidated ablation. Top block: training factors. Middle block: data
availability (per-bucket n in parentheses); the ≥4 and ≥5 buckets are small
(n=15 and n=7) and should be read as directional rather than precise
rates. Bottom block: inference-time scoring components (additive on top of max-
sim + Q-TTA unless stated). All numbers on the same 63 queries / 34-gallery
closed-set protocol. Best reachable Top-1: 69.8% with re-ranking.
Configuration Top-1 (%) Top-5 (%) MRR

Backbone fine-tuning
Frozen (Phase 1 only) 39.7 76.2 0.552
Fine-tuned (Phases 1–3, ours) 66.7 87.3 0.755

Data availability (images/tortoise)
=3 (n=48) 62.5 75.0 0.716
≥4 (n=15) 66.7 93.3 0.778
≥5 (n=7) 85.7 100.0 0.929

Inference toolchain (additive on max-sim + Q-TTA baseline)
Baseline (max-sim, Q-TTA, uniform w) 66.7 87.3 0.755
+ Weights / drop-worst / frozen+FT ensemble 66.7 87.3 0.755
+ k-Reciprocal re-ranking (Q-noTTA) 69.8 84.1 0.770

form a structural firewall against upstream noise, so detection and alignment
contribute only weakly to the residual error budget.
Confusion structure. Of the 21 misidentifications, 6 are near misses (rank 2–
3, mean error rank 5.05). Two confuser hubs attract 52% of errors from multiple
unrelated queries; k-reciprocal re-ranking rescues 4 queries from ranks 2–6 while
losing 1, a net +2 over the max-sim + Q-TTA baseline (Top-1 66.7% → 69.8%),
but the hubs persist, indicating a perceptual rather than modeling limit. The
same hub structure surfaces independently in the real open-set experiment (Sec-
tion 4.4)—a cross-protocol agreement motivating the deployment recommenda-
tion to monitor hub identities.

4.7 Field-Condition Robustness

Robustness evidence comes from the 145-image field-archive of the real open-set
protocol (Section 3.5): consumer-smartphone images from surveys under uncon-
trolled lighting and substrate, in sessions separate from training. All 145 candi-
dates traversed the detection→ alignment→ embedding→ scoring pipeline and
138 produced valid scores; the 7 removals were duplicates or misfiled knowns,
none a detection or alignment failure. Edge cases (> 60◦ oblique views, heavy
occlusion, ambiguous orientation; 0.9% of images) are caught by the quality gate
(γ < 0.5, < 6 scutes, or shell area < 20%) before matching. Three mechanisms
drive this: the anatomical consistency check rejects implausible labelings; Sub-
Center ArcFace’s K=2 sub-centers model wet/dry/lit appearance; and the geo-
metric mean absorbs partial occlusion via common-subset matching (Figure 4b:
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(a) High-confidence Top-1 (S=0.977).

(b) Partial-visibility Top-1, 6 scutes (S=0.906).

Fig. 4: Correct identifications across image quality and partial-visibility; the
geometric-mean aggregator (Equation (4)) degrades gracefully to fewer scutes.

correct Top-1, 6 scutes). Partial visibility thus degrades the score gracefully, not
catastrophically; a scute-count ablation is the next probe.

4.8 Gallery-Size Scalability

To project toward the full reserve population, we sampled K ∈ {5, 8, 10, 15, 20,
25, 30, 34} identities from the 34 tortoises (100 repetitions each). Top-1 degrades
logarithmically, from 87.6±12.8% at K=5 to 66.7% at K=34 (≈−6.7 pp per dou-
bling), projecting ≈55% at K=200 (directional). Top-5 stays ≥87.3% through-
out, supporting the human-in-the-loop workflow at the ≈200-individual scale.

5 Discussion and Conclusion

What worked. A modest, anatomically-grounded prior—the 13-scute template—
lifts Top-1 accuracy by +40.1 pp over a whole-image baseline at the same back-
bone and training budget. Among architectural choices, the three-stage ArcFace-
dominant training schedule is the single most consequential ingredient (+27.0 pp
from frozen embeddings), enabling fine-tuning at ∼2.4 images per identity.
What did not. Alternative scoring strategies (weight optimisation, drop-worst
aggregation, ensemble construction) all match the 66.7% baseline, localising the
residual ceiling to the embedding stage; the +3.1 pp gain from k-reciprocal re-
ranking is promising at our scale but awaits validation on a larger gallery. Future
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work therefore prioritises representation-side avenues (synthetic augmentation,
micro-class formulation at Tortoise× Scute-Type) over scoring-side refinements.
Further reviewer-suggested directions include stronger feature-stage augmenta-
tion, a canonical 3D shell model that normalises viewpoint and recovers occluded
scutes, and cross-dataset validation on green-sea-turtle scales [9].
Open-set deployment. The headline finding—that leave-N-out overestimates
real open-set AUC by up to 55% whenever the metric-learning loss trains on
every identity—recurs across the wildlife re-ID literature. We therefore report a
real-archive AUC alongside the simulation (Section 3.5) and treat the gap as an
honest measure of deployment readiness.
Limitations and conclusion. The dataset is small (150 identities, mean 2.4 im-
ages) but uniquely curated under realistic field conditions and rigorously dedupli-
cated against an external archive—a strength for ecological realism that bounds
the absolute accuracy figures reported here. External validation at a second re-
serve and longer temporal spans remain key to establishing generality, and the
fixed constants (loss weights, λ, γ, τ) await a systematic sensitivity analysis.
The anatomically-decomposed pipeline turns T. graeca re-identification from a
26.6% Top-1 problem into a deployable Top-5 workflow at 87.3% recall, while
honestly characterising both the closed-set ceiling and the open-set gap. Code,
weights, and the annotated dataset will be released.
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