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Abstract

Persistent markerless identification of visually similar fish is difficult when occlusion inter-
rupts tracking. This study evaluates a hybrid spatial–visual pipeline combining YOLO26n 
detection, ByteTrack association and a Swin-T re-identification (Re-ID) model. Experiments 
were carried out using two Aalborg University (AAU) zebrafish recordings containing six 
known individuals. The detector and embedding model were retrained on consecutive 
temporal blocks separated by ten omitted frames; 426 frames were held out from retraining 
and checkpoint selection. A 400 px vertical mask simulated occlusion, and predictions 
were evaluated against ground-truth AAU Object IDs. The added association stage re-
stored the prior identity in three of eighteen eligible episodes after full emergence (16.7%), 
compared with none for ByteTrack. All three successes bridged changed ByteTrack IDs, 
with successes in both recordings; one assignment was incorrect and fourteen episodes 
remained unresolved. Under a separate partial-reappearance definition, Re-ID recovered 
six of twenty-four episodes (25.0%), versus none for ByteTrack, with one incorrect identity, 
one different identifier for the same fish and sixteen unresolved episodes. These verified 
recoveries demonstrate that the added association stage can restore identities after tracker 
interruption. Limited assignment coverage and testing on previously seen individuals 
constrain conclusions about reliability and transfer to independent recordings.

Keywords: aquaculture monitoring; zebrafish; Danio rerio; markerless tracking; fish
re-identification; computer vision; deep learning; Swin Transformer; ArcFace; ByteTrack

1. Introduction
Aquaculture increasingly depends on automated monitoring technologies capable of 

observing fish health, welfare, growth and behavior without disturbing the animals. Manual 
visual inspection is time-consuming, subjective and difficult to scale in dense or visually 
complex aquatic environments. Computer vision and artificial intelligence have therefore 
become important tools for smart aquaculture, including fish recognition, counting and 
behavioral monitoring [1–9].
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Recognizing an individual fish, and not only detecting that a fish is present, is important 
because aquaculture decisions are increasingly temporal and individual-specific. If the same 
fish can be recognized repeatedly, the system can accumulate a history for that individual, 
including feeding response, growth trajectory, body condition changes, activity level, social 
position, abnormal movement, visible disease signs and recovery after treatment. Such 
individual histories can support more precise automatic feeding, earlier disease control 
decisions, adjustment of thermal and photoperiod regimes, welfare assessment and selective 
management. Without persistent identity, each video frame is only a separate observation; 
with identity, observations become a longitudinal record that can be used for prediction 
and management.

Individual-level tracking is important because longitudinal information can reveal 
behavior, abnormal movement, social interaction, growth variation and early welfare deteri-
oration. In research and production environments, persistent identity is often maintained 
using physical markers, RFID tags, dyes, surgical marks or manual observation. Such 
approaches may increase handling stress, affect behavior and limit scalability. Markerless 
identity preservation is therefore an attractive alternative for aquaculture and laboratory 
fish studies.

There is a significant problem regarding individual-level tracking for visually homo-
geneous fish. Zebrafish (Danio rerio), a widely used model species, are small, reflective, 
fast-moving and highly similar in appearance. Their bodies change shape with swimming 
motion, and their apparent texture varies with viewpoint and illumination. During occlu-
sion or overlap, geometry-only tracking can lose identity continuity. Tracking-by-detection 
methods such as SORT and ByteTrack preserve short-term trajectories [10,11], but identity 
continuity may fail after complete disappearance or ambiguous crossings. Re-identification 
methods address this limitation by comparing visual embeddings [12–14].

Recent animal-tracking tools, including DeepLabCut and SLEAP, have enabled mark-
erless multi-animal pose estimation and identity-aware tracking [15,16]. However, pose 
tracking and individual re-identification are not equivalent. Pose estimation localizes body 
landmarks, while re-identification must decide whether two visual fragments belong to the 
same individual. For visually similar fish, this requires learning subtle identity cues that 
may not be visible to human observers.

This study proposes and experimentally evaluates a hybrid spatial–visual system 
for markerless individual re-identification of zebrafish. The central question is whether 
transformer-based embeddings trained with angular-margin and metric learning objec-
tives can help recover individual identities after track interruption. The evaluated task 
is closed-set identification of previously enrolled fish within a bounded recording pro-
cessed offline; unseen-individual, cross-session and cross-dataset generalization are outside 
the scope of the present experiment. This is consistent with the recent computer vision 
literature in relation to fish, which emphasizes that controlled imaging, limited datasets, 
color-space dependence, occlusion, real-world transfer and explainability remain recurring 
challenges [1–3,8,9,17]. We describe a Triplet-only development baseline and a BNNeck 
model trained using ArcFace, Triplet and Center loss, and evaluate the final model against 
ByteTrack alone. The paper makes the following contributions: (i) a detector–tracker–re-
identification pipeline for unmarked fish; (ii) an angular-margin embedding design for 
few-identity fish Re-ID; (iii) an occlusion-oriented evaluation protocol; and (iv) a ground-
truth evaluation of identity recovery on temporally held-out segments from both recordings. 
Rank-1 retrieval consistency, retrieval mAP, cosine similarity, Principal Component Analysis 
(PCA) and separation gap are retained only as historical embedding diagnostics. The 
experimental validation is based on the publicly available AAU Zebrafish Re-Identification 
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Dataset [18,19], which provides side-view color recordings and identity-level annotations 
for zebrafish re-identification.

2. Related Work
Computer vision has been used in aquaculture and fisheries for recognition, monitor-

ing, measurement and management [1]. Barbedo highlighted the gap between controlled 
academic experiments and operational deployment, emphasizing challenges such as un-
derwater imaging, occlusion, low image quality and dataset bias [1]. Petrellis showed that 
image processing and deep learning can estimate morphological features such as fish length, 
height, area and fins [3]. Kumar et al. further showed that bioimage analysis methods are 
increasingly used to detect skeletal deformities in biomedical and aquaculture fish, connect-
ing image analysis with welfare-relevant morphology rather than only category labels [8]. 
Recent studies have also used deep learning for salinity/freshwater fish classification [17] 
and transformer-based species recognition [20].

Fish disease detection is one of the most active areas of AI-enabled aquaculture. Re-
views by Pauzi et al. and Li et al. describe image acquisition, preprocessing, segmentation, 
feature extraction and classification workflows [2,4]. Li et al. noted that aquatic diagnosis 
is more complex than many two-dimensional plant disease tasks because fish move in 
three-dimensional water environments and are affected by overlap, illumination, turbidity 
and rapid motion [2]. Recent studies and datasets, including SalmonScan, feature-ranking 
disease recognition, and CNN-based disease classification, show the growth of automated 
disease detection [5,21,22]. Classical image-based machine learning work has also used 
color and texture features for disease recognition [6], while deep learning parasite detection 
and recent explainable color-space approaches show the same movement toward faster 
and more interpretable automated diagnosis [7,9]. However, disease classification usually 
depends on visible pathological signs and does not preserve individual identity.

Tracking-by-detection pipelines combine object localization with frame-to-frame associ-
ation. SORT introduced a simple real-time tracker based on Kalman filtering and Hungarian 
assignment [10]. ByteTrack improved multi-object tracking by associating almost every de-
tection box, including low-confidence detections, which can help when objects are partially 
occluded [11]. In animal behavior analysis, DeepLabCut and SLEAP provide markerless 
pose estimation and multi-animal tracking [15,16]. These systems are powerful for behavior 
analysis, but full identity recovery among visually homogeneous fish remains difficult when 
geometry and pose are ambiguous.

Re-identification maps image fragments to an embedding space where same-identity 
samples are close and different-identity samples are far apart. Triplet loss is a common 
metric-learning objective [23], but it can be unstable in few-class settings and depends 
strongly on hard-sample mining. ArcFace introduces an additive angular margin in a nor-
malized hyperspherical space, strengthening inter-class separation [13]. BNNeck separates 
the feature used for metric learning from a batch-normalized feature used for classification, 
reducing conflict between Euclidean and angular optimization [14]. Transformer-based Re-
ID methods such as TransReID show that attention-based representations are effective for 
identity-sensitive recognition [12]. The present work transfers these principles to visually 
homogeneous fish [18].

Haurum et al. [18] introduced the AAU dataset and demonstrated crop-level zebrafish 
re-identification using handcrafted color and texture descriptors with metric and subspace 
learning. Recent work has also applied Swin-T to fish re-identification in conveyor-belt 
electronic monitoring imagery [24]. The present study uses the AAU dataset for a different 
engineering integration: learned Swin-T embeddings are combined with YOLO detection, 
ByteTrack short-term association and a persistent spatial–visual gallery for reconnecting 
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previously enrolled identities after track interruption. This reduces task-specific feature 
engineering, but no direct accuracy or computational superiority is claimed because the 
evaluation protocols differ [25].

3. Materials and Methods
3.1. Study Design

This study was designed as an experimental computer vision investigation of mark-
erless individual re-identification in visually homogeneous zebrafish. The primary ex-
perimental objective was to evaluate whether a transformer-based embedding model can 
support recovery of a previously enrolled identity after simulated occlusion. V1 and V2 
are sequential development configurations under the same detection and tracking frame-
work; because several settings changed simultaneously, their comparison is not a controlled
component ablation.

The final evaluation uses a newly trained V2 model and a newly fine-tuned detector. 
The earlier V1/V2 embedding diagnostics are retained as development results and are not 
compared numerically with the temporal test as if they measured the same endpoint.

3.2. Video Data and Annotation
The experimental material was obtained from the public AAU Zebrafish Re-Identification 

Dataset [18,19], released by Aalborg University, Denmark. The dataset contains side-view 
color video recordings of zebrafish (Danio rerio) acquired in a controlled laboratory setup. 
Six fish were recorded in total, in two sessions, with three fish at a time. The released 
material contains 2224 annotated frames at 2056 × 1542 pixels and 6672 bounding boxes: 
Vid1 contains 1086 frames and Object IDs 1–3, while Vid2 contains 1138 frames and Object 
IDs 4–6. The recordings were acquired in a 32 × 32 × 32 cm fish tank, with the fish constrained 
to swim within the first 3.5 cm of the tank. The original dataset includes video frames and 
annotation files with bounding-box positions, temporally consistent fish identity labels and 
four Boolean metadata tags: swimming direction, turning, occlusion and image glitch.

The source publication describes a variable acquisition frame rate [18]. We used the 
released annotated image sequences in filename order, without additional fixed-interval 
subsampling. A frame index therefore denotes sequence order rather than a verified constant 
time interval. The 30 fps setting used to encode the demonstration videos is an output 
playback setting, not a measurement of the source acquisition rate.

Training and validation fragments were cropped from complete ground-truth fish 
bounding boxes; no restricted body region was selected. Each recording was divided 
into consecutive training, validation and test blocks. Vid1 used frames 1–760 for training, 
771–868 for validation and 879–1086 for testing; Vid2 used frames 1–796, 807–910 and 
921–1138, respectively. Ten frames were omitted at each train/validation and validation/test 
boundary. The resulting totals were 1556 training frames (4668 crops), 202 validation frames
(606 crops), 426 test frames and 40 omitted frames. All six identities occur in training and 
testing, so the task remains closed-set and within-recording. The test frames were excluded 
from this retraining and checkpoint selection. The gap prevents adjacent retained frames 
from crossing a split boundary; it does not establish statistical independence between 
observations of the same fish in the same recording.

3.3. Rationale for the Controlled Small-Cohort Design
The occlusion-oriented tracking experiment used both recording sessions of the AAU 

dataset, each containing three active fish identities. This small cohort supports a bounded 
feasibility study rather than population-scale validation. The task investigated here is not 
ordinary fish detection, species classification or disease-state classification; it is individual 
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biometric separation among visually homogeneous animals. In such a setting, the cen-
tral scientific question is whether the embedding space can separate individuals whose 
differences are weak, local and not reliably visible to human observers.

A small controlled cohort reduces confounding factors such as lighting variation, tank 
heterogeneity, density effects, age differences and camera changes. It permits a bounded 
study of identity association under similar imaging conditions, but does not establish 
population-scale or cross-session performance; those require larger datasets and indepen-
dent recordings.

The choice is also aligned with the long-term goal of the research: reliable identifi-
cation is a prerequisite for longitudinal analysis of each fish. Once identity is preserved, 
subsequent modules can quantify individual growth, morphology, movement patterns, 
social interactions, abnormal behavior and welfare-related traits over time. Thus, the 
current experiment addresses the first layer of a broader pipeline for individual-level
aquaculture analytics.

3.4. Methodological Components: YOLO, ByteTrack and Swin Transformer
The proposed pipeline uses three complementary computer vision components. The 

first component is YOLO-based detection. YOLO (You Only Look Once) is a family of 
one-stage object-detection models that localize objects in an image by predicting bounding 
boxes and confidence scores in a single forward pass through a neural network. In this 
study, the detector is used only to find fish locations in each video frame and to produce 
cropped fish images for later identity analysis.

The second component is ByteTrack short-term association. ByteTrack is a tracking-
by-detection algorithm that links detections across consecutive frames. Unlike trackers 
that discard low-confidence detections immediately, ByteTrack uses both high-confidence 
and lower-confidence detections during association. This makes it useful when fish are 
partially visible, blurred or temporarily detected with lower confidence. In the present 
system, ByteTrack provides short-term trajectory continuity, but it is not expected to solve 
identity recovery after complete occlusion by itself.

The third component is a Swin Transformer [26] used as the visual re-identification 
backbone. A Swin Transformer is a hierarchical vision transformer that processes images 
through shifted local attention windows. Compared with ordinary convolutional networks, 
transformer-based models can capture relationships between distant image regions while 
still preserving local texture information. Here, the Swin Transformer converts each cropped 
fish image into a numerical feature embedding. These embeddings are then optimized so 
that images assigned to the same enrolled identity are close together and images assigned to 
different enrolled identities are far apart in the learned identity space. The three components 
are integrated into a sequential identity-recovery workflow. YOLO first localizes fish and 
generates cropped image fragments, ByteTrack preserves short-term spatial tracklets, and 
the Swin Transformer module compares quality-gated visual embeddings against stored 
identity galleries to recover identity after occlusion.

3.5. Simulated Occlusion Protocol
To evaluate identity recovery after disappearance and reappearance, a simulated 

occlusion stress test was used. A black vertical obstacle with a nominal width of 400 px was 
placed in the central region of the video frame (x = 828–1228 pixels; approximately 19.5% of 
the 2056-pixel frame width). When a fish passed through this region, visual evidence was 
removed. The primary retrospective evaluation defines an episode as a maximal consecutive 
run of frames in which the ground-truth box overlaps the mask and is fully contained within 
it for at least one frame. Both entry and subsequent full emergence must fall within the test 
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segment. The decision window starts at the first frame in which the entire box is outside 
the mask and ends immediately before the next mask overlaps or at the end of the test 
segment. We separately report episodes lacking a qualifying pre-occlusion identity and 
events censored by a test boundary. As a sensitivity analysis, each run of full containment 
is instead treated as an event ending at partial reappearance. In this alternative definition, 
the decision window ends before the next run of full containment or at test end. Neither 
definition assumes that a fish exits on the opposite side of the mask. Events were determined 
from AAU ground-truth boxes and the fixed mask geometry, independently of whether the 
pipeline returned an identity. This protocol does not reproduce all physical properties of 
real occlusion.

3.6. Detection Module
The first stage localizes fish in each frame using an Ultralytics YOLO26n detector 

(Ultralytics Inc., London, UK) ine-tuned for 20 epochs at an input size of 640 × 640 pixels [27]. 
For the temporal experiment, training started from the pretrained detector weights and 
used only the training blocks specified above. An interrupted run resumed from its own 
temporal-training checkpoint; the old fish-fine-tuned detector was not used as the starting 
model. For each frame, the detector outputs bounding boxes and confidence scores. The 
detections serve two purposes: (i) they provide spatial observations for ByteTrack, and 
(ii) they define cropped fish fragments for the re-identification network. Transfer learning 
was used because the available fish-specific dataset is smaller than the large-scale datasets 
typically used for detector pretraining.

The frozen temporal detector checkpoint selected during training was additionally 
evaluated on all 426 original, unmasked test frames (1278 annotated fish boxes), using the 
same temporal test lists as the tracking experiment. We used Ultralytics 8.4.37 validation 
at an image size of 640, with rectangular preprocessing, a confidence floor of 0.001 for 
the precision–recall curves, a maximum of 300 detections per image and no test-time 
augmentation. Precision and recall follow the evaluator’s maximum-F1 operating point; 
mAP is reported at IoU 0.50 and averaged over IoU 0.50–0.95. No weights or association 
settings were changed. This measures detector localization on the original test images, 
separately from the downstream pipeline under the artificial mask.

3.7. Short-Term Tracking Module
The second stage applies ByteTrack to associate detections across adjacent frames [11]. 

ByteTrack performs two-stage association: high-confidence detections are matched first, 
and lower-confidence detections are then considered to preserve partially visible objects. 
This is useful for fish video because motion blur, reflections and partial overlap can reduce 
detector confidence. Nevertheless, ByteTrack is primarily a spatial association method. 
When a fish disappears behind an occlusion or crosses another fish, the tracker may 
lose identity continuity. The re-identification module is introduced to recover identity in
such cases.

3.8. Baseline Re-Identification Model: V1
The V1 baseline uses an ImageNet-pretrained Swin-T backbone with a 512-unit linear 

layer, BatchNorm, ReLU, dropout (0.3) and a 128-dimensional feature embedding. The 
objective operates on triplets consisting of an anchor, a positive sample from the same 
identity and a negative sample from another identity. TripletMarginLoss with hard mining 
encourages the anchor-positive distance to be smaller than the anchor-negative distance by 
a margin of 0.2 [23]. The V1 training configuration specifies five epochs with a batch size of 
32, AdamW (learning rate 1 × 10−4 ; weight decay 1 × 10−4 ), and an M-per-class sampler
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(m = 4). Images were resized to 224 × 224 pixels and augmented by horizontal/vertical flips, 
rotation, perspective transformation and color jitter. A longer development run appeared 
to lose separation, but this was not a matched stability experiment.

3.9. Proposed Re-Identification Model: V2
The proposed V2 model keeps the ImageNet-pretrained Swin-T backbone but replaces 

the output head and objective function. The backbone output is reduced from 768 fea-
ture dimensions to a 256-dimensional raw embedding. A BNNeck layer then produces a 
batch-normalized embedding; its bias parameter is present but frozen during training [14]. 
The pre-BN embedding is passed to Triplet and Center loss, while the BNNeck output is 
passed to ArcFace [13,14,28]. The TripletMarginLoss implementation applies its default 
L2-normalized Euclidean distance, and inference applies L2 normalization before cosine 
comparison. The architecture of the V2 re-identification head is summarized in Figure 1.

Figure 1. V2 re-identification head. The raw 256-dimensional embedding is used for Triplet and 
Center loss; the BNNeck output is used for ArcFace. The BatchNorm bias is initialized to zero and 
frozen. Inference separately L2-normalizes the BNNeck output.

The total training objective is

𝐿𝑇𝑜𝑡𝑎𝑙 = 1.0𝐿𝐴𝑟𝑐𝐹𝑎𝑐𝑒 + 1.0𝐿𝑇𝑟𝑖𝑝𝑙𝑒𝑡 + 0.005𝐿𝐶𝑒𝑛𝑡𝑒𝑟 (1)

where the coefficients are dimensionless loss weights.
ArcFace uses a dimensionless scale parameter, s = 30. In PyTorch metric learning, the 

configured margin (m = 0.30) is interpreted in degrees (approximately 0.0052 rad). Triplet 
loss uses a dimensionless embedding distance margin of 0.3 with hard mining. Center 
loss learns identity centroids, encourages within-class compactness and is weighted by 
0.005. V2 was configured for up to 30 epochs with early-stopping patience of 10, a batch 
size of 32, AdamW (base learning rate 3.5 × 10−4 ; weight decay 1 × 10−4 ), three warm-up 
epochs followed by cosine decay, an M-per-class sampler (m = 4), and gradient clipping 
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at 5.0. Its augmentations add random erasing to the V1 transforms. The temporal V2 run 
started from ImageNet-pretrained backbone weights, completed 16 epochs and selected the 
epoch-6 checkpoint using the minimum validation objective, which comprised ArcFace and 
Triplet losses and excluded Center loss. The run stopped after ten further epochs without 
improvement. The individual contributions of these settings were not isolated in the
present experiment.

3.10. Hybrid Spatial–Visual Identity Association
The final association layer combines spatial and visual information. ByteTrack main-

tains short-term trajectories, while the re-identification model provides cosine similarities 
between current fish crops and stored identity galleries. Candidate galleries exclude Bio IDs 
already mapped to visible tracks at the start of the current frame. A non-negative spatial 
bonus then favors galleries last observed near the current position; it does not impose a 
hard spatial rejection rule. Before a crop was admitted to the identity gallery, quality filters 
were applied to reduce unreliable identity updates: V2 rejects crops whose boxes overlap 
another detection, requires an aspect ratio of 1.5–3.5 and Laplacian variance above 150, and 
aggregates three accepted crops (V1 uses five); accepted crops need not be consecutive. 
Candidate crops were assigned to an existing biometric identity only when the hybrid 
similarity score exceeded 0.75. This score adds cosine similarity to a spatial bonus that 
decreases linearly from 0.2 at zero displacement to 0 at 300 pixels. When a newly observed 
track was matched to an existing gallery, the gallery embedding was updated by a normal-
ized exponential moving average, 0.9 old plus 0.1 new. These thresholds are development 
settings and were not calibrated on an independent set.

The association settings listed above were retained from development. The archi-
tecture and these settings were developed using the same two recordings before the 
present temporal experiment. Accordingly, the new test isolates frames from final re-
training and checkpoint selection, but is not an independent dataset or a test of previously
unseen identities.

3.11. Evaluation Metrics
The primary evaluation compares the ByteTrack IDs and Bio IDs stored for the same de-

tections on the same test frames. The Re-ID stage does not feed its identity assignments back 
into ByteTrack, so the raw ByteTrack column provides the matched tracker-only reference. 
Within each frame, detections and AAU boxes were matched one-to-one, maximizing the 
number of pairs above an intersection-over-union (IoU) threshold and then their total IoU. 
The primary threshold is 0.3; an additional analysis uses a threshold of 0.5. Each predicted 
identity is assigned a fixed ground-truth owner at its first qualifying match, rather than 
being remapped to the most frequent fish after observing the full sequence.

For whole-sequence identification, the first correctly owned Bio ID for each AAU Object 
ID defines its reference identifier. Every ground-truth-matched output is classified as the 
correct reference ID, a different ID owned by the same fish (fragmentation), an ID owned 
by another fish, or Scanning. Percentages use all matched outputs for that fish, including 
Scanning and initial enrollment. Because ownership is initialized from the first ground-truth 
match, this is an evaluation of identity consistency after label alignment, not independent 
recognition of an externally named fish. Ground-truth observations without a qualifying 
pipeline match are reported separately; these include intentionally hidden fish and cannot 
be interpreted as detector misses alone.

A shared recovery opportunity requires a correctly owned numeric identity before 
occlusion in both outputs. The reference is the most recent such identity for each output. We 
score the first qualifying numeric identity within the post-emergence decision window as 
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follows: correct recovery of the reference, an incorrect identity belonging to another fish, or 
a different identity for the same fish (fragmentation). An event is classified as unresolved if 
no qualifying numeric identity is produced within its decision window. Missing detections, 
nonmatching boxes and “Scanning…” remain failures to provide a recoverable identity; they 
are not removed from the eligible-event denominator. Rates equal correct recoveries divided 
by all shared eligible opportunities. The event rules and IoU thresholds were specified 
retrospectively for the saved runs, without changing model weights. An earlier correctly 
owned reference is retained even when the latest pre-entry output has already switched to a 
wrong owner; these contaminated pre-event states are explicitly marked in the event table.

An identity-switch count here is the number of changes between successive numeric 
predicted labels matched to the same AAU Object ID, in chronological order, retaining the 
preceding label across unmatched or “Scanning…” observations. These label-transition 
counts are reported with assignment coverage and are not presented as a complete IDF1, 
HOTA or MOTA evaluation. Unassigned outputs marked Scanning are reported explicitly. 
Counts and rates are given by recording, by AAU Object ID and overall.

For failure analysis, we replayed the original crop-quality gates and three-crop buffer 
using the original test images with the same mask and the archived tracked boxes, without 
rerunning or changing the tracker or Re-ID model. This reproduces which stored outputs 
reach an association decision or remain in Scanning mode. Logged hybrid scores and 
track-to-Bio-ID assignments were then inspected to distinguish rejected crops, insufficient 
accepted crops, duplicate enrollment and propagation of an already assigned identity. It 
is a retrospective trace of the saved run, not a counterfactual test of alternative thresholds. 
Supplementary Material S2 provides the frame-level trace and detector test evaluation, 
performed on CPU with PyTorch 2.11.0 and Ultralytics 8.4.37.

Historical embedding diagnostics summarized the original re-identification models 
using Rank-1 retrieval consistency (the first rank of the Cumulative Matching Characteristic, 
CMC), retrieval mean Average Precision (mAP), cosine similarity matrices, PCA visualiza-
tion and within-/between-folder similarity distributions. Let S_intra be the set of cosine 
similarities between embeddings from the same predicted Bio ID folder, and let S_inter be 
the set of cosine similarities between embeddings from different predicted Bio ID folders. 
The separation gap is a dimensionless cosine similarity difference and is defined as

𝐺 = 𝑚𝑒𝑎𝑛(𝑆𝑖𝑛𝑡𝑟𝑎) − 𝑚𝑒𝑎𝑛(𝑆𝑖𝑛𝑡𝑒𝑟) (2)

A larger gap indicates stronger separation between the predicted folders, which need 
not be correct fish identities. For normalized high-dimensional embeddings, a between-
folder cosine similarity close to zero indicates that different predicted groups occupy nearly 
orthogonal directions. The V2 retrieval diagnostic followed a leave-one-out protocol on
44 detector/tracker-derived fragments: each fragment was used once as a query, while the 
remaining fragments formed the gallery. Rank-1 measured whether the closest retrieved 
fragment belonged to the same predicted Bio ID folder, and retrieval mAP measured the 
ranked list across all same-folder matches. The V1 diagnostic used 29 fragments from a 
separately generated proof directory, so the V1 and V2 summaries are descriptive devel-
opment diagnostics rather than a paired evaluation on a shared query set. Moreover, the 
fragments were selected and grouped by the same pipeline subsequently assessed; the 
analysis is therefore subject to circularity and selection bias. It measures internal assignment 
consistency, not ground-truth identity accuracy.

The original development experiments were run under Ubuntu 24.04 using Python 
3.12.3, PyTorch 2.11.0+cu130, torchvision 0.26.0, Ultralytics 8.4.37, PyTorch metric learn-
ing 2.9.0 and OpenCV 4.13.0 on an NVIDIA GeForce GTX 1650 GPU with 4 GB VRAM 
and 6.7 GB system RAM. The original training process on the combined data from both 
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recordings took approximately 3 h. Generating the original two demonstration videos took 
approximately 10–30 min in total on this system. These are approximate wall clock observa-
tions rather than controlled benchmarks, and the current use case is an offline analysis of
recorded video.

Reported numerical results were computed from archived experimental outputs and 
ground-truth annotations, supplemented by evaluation of the frozen detector checkpoint 
on the original test frames and replay of crop-quality decisions; no synthetic experimental 
observations were introduced.

4. Results
On the 202-frame temporal validation set, the final detector training log reported a 

precision of 0.98679, a recall of 0.98613, an mAP@0.50 of 0.99458 and an mAP@0.50:0.95 of 
0.92264. On the 426-frame held-out test set, precision, recall, mAP@0.50 and mAP@0.50:0.95 
were 0.98878, 0.96515, 0.98384, and 0.93119, respectively. These new detector test results use 
unmasked frames and therefore do not establish detection performance behind the artificial 
obstacle. The temporal V2 training reached its minimum ArcFace-plus-Triplet validation 
objective of 0.0420 at epoch 6 and stopped at epoch 16.

4.1. Historical Development Diagnostics
The separately generated V1 and V2 diagnostics produced different predicted-folder 

separation and internal retrieval summaries. Table 1 reports these historical descriptive 
development results, not performance on the new temporal test. Because the configurations 
differ in several settings and were not evaluated on a shared query set, the comparison does 
not isolate the effect of any single component.

Table 1. Historical descriptive results for the original V1 and V2 development configurations; retrieval 
diagnostics used separate predicted Bio ID sets and are not temporal test results. Cosine similarities 
are reported as mean ± standard deviation across distinct fragment pairs, not variability across 
training runs.

Metric V1 Baseline V2 BNNeck Interpretation

Embedding dimension 128-D feature vector 256-D feature vector Different configurations

Training schedule 5 epochs Up to 30 epochs; patience 10 Different schedules

Training objective Triplet loss ArcFace + Triplet + Center 
loss

Loss values are not 
comparable

Internal Rank-1 consistency 72.4% 97.7% Separate predicted Bio ID sets

Internal retrieval mAP 78.6% 96.0% Separate predicted Bio ID sets

Within-folder cosine similarity 
(dimensionless) 0.9105 ± 0.10 0.8956 ± 0.19 Descriptive single-run values

Between-folder cosine 
similarity (dimensionless) 0.7114 ± 0.12 0.0365 ± 0.24 Descriptive single-run values

Separation gap 
(dimensionless) 0.1991 0.8592 Predicted-folder separation

Gallery entries in historical 
runs 3 gallery entries 3 gallery entries Not ground-truth-verified 

identities

Across the separately generated diagnostics, the most notable numerical difference 
was the reduction in between-folder similarity. V1 produced high within-folder similarity, 
but different predicted Bio ID folders also remained similar. Mean between-folder cosine 
similarity was 0.7114 for V1 and 0.0365 for V2, producing separation gaps of 0.1991 and 
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0.8592, respectively. These are descriptive single-run values from different fragment sets 
and do not identify which simultaneous V2 design change produced the difference.

4.2. Retrieval Performance
V2 produced 97.7% Rank-1 consistency using predicted Bio ID folder labels. Out of 

44 image-query fragments, 43 fragments had a first retrieved match from the same folder. 
The retrieval mAP was 96.0%, showing strong ranked consistency within this diagnos-
tic set. The separately generated V1 diagnostic produced 72.4% Rank-1 consistency and
78.6% retrieval mAP. For three balanced identities, chance-level Rank-1 is approximately 
33.3%; for the V2 folder sizes of 12/15/17 fragments, the empirical random same-folder 
probability is 32.5%. Because the labels were generated by the same system and the two 
configurations used different fragment sets, these values are exploratory self-consistency 
diagnostics rather than paired or ground-truth identity-recovery accuracy.

4.3. Embedding-Space Structure
The results of the embedding-space analysis are important diagnostic evidence for this 

experiment. V2 produced a discriminative structure among the predicted Bio ID folders, 
with high within-folder similarity and low between-folder similarity. The cosine similarity 
statistics and separation gap analysis indicate that the numerical difference reflects the 
geometry of these internal groups; they do not by themselves establish correspondence 
between Bio IDs and AAU Object IDs.

To make this embedding geometry explicit, three complementary visual diagnostics 
are shown in Figures 2–4. The cosine similarity matrices (Figure 2) show both V1 and V2 
on one common color scale, indicating similarity within and between predicted Bio ID 
folders that remain separated. The PCA projection (Figure 3) provides a two-dimensional 
view of the embedding spaces, while the within-/between-folder similarity distributions 
(Figure 4) show the corresponding ranges. Together, these diagnostics describe the internal 
structure of separately generated V1 and V2 fragment collections rather than ground-truth
identity accuracy. 

Figure 2. Historical cosine similarity matrices for V1 (29 fragments) and V2 (44 fragments), grouped 
by their separately predicted Bio ID folders. Both panels use the same color scale from −1 to 1. These 
internal diagnostics are not a paired ground-truth identity evaluation.
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Figure 3. Historical PCA projections of V1 and V2 embeddings, colored by the predicted Bio ID folder. 
PCA is fitted separately in each embedding space; the axes are not a common coordinate system. 
Sample sets contain 29 and 44 fragments, respectively.

Figure 4. Historical within-folder and between-folder cosine similarity distributions for V1 and V2, 
using common bins and axes. Group labels are predicted Bio IDs. The hybrid association threshold is 
not a pure-cosine threshold and is not shown as a decision boundary.

4.4. Training Stability
The historical V1 configuration specifies five epochs, whereas V2 allows up to 30 

epochs with early-stopping patience of ten. In the temporal V2 run, training stopped after 
16 epochs, and the checkpoint selected by validation was from epoch 6. These observations 
do not establish that any individual V2 component improves stability: embedding size, 
objective, optimization and augmentation also differ, and matched multi-seed ablations were
not performed.

4.5. Whole-Sequence Individual Identification
Across both test segments, 712 of 1278 ground-truth fish observations had a qualifying 

match to a stored pipeline output at IoU ≥ 0.30. Of these matched outputs, 298 (41.9%) 
retained the fish’s reference Bio ID, six (0.8%) used a different Bio ID for the same fish,
18 (2.5%) used an ID owned by another fish and 390 (54.8%) remained in Scanning mode 
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(Table 2). Thus, the 45.2% numeric-ID coverage is distinct from correct identification. Results 
for IoU ≥ 0.50 and the complete Bio-ID-to-ground-truth correspondence are provided in 
Supplementary Material S2.

Table 2. Whole-sequence Bio ID outcomes at IoU ≥ 0.30. AAU IDs 1–3 belong to Vid1 and IDs 4–6 to 
Vid2.

AAU ID Matched
(N)

Correct ID
N (%)

Different ID
N (%)

Wrong Fish
N (%)

Scanning
N (%)

No GT Match
(N)

1 173 149 (86.1) 0 (0.0) 0 (0.0) 24 (13.9) 35
2 118 50 (42.4) 6 (5.1) 0 (0.0) 62 (52.5) 90
3 147 3 (2.0) 0 (0.0) 18 (12.2) 126 (85.7) 61
4 131 52 (39.7) 0 (0.0) 0 (0.0) 79 (60.3) 87
5 47 25 (53.2) 0 (0.0) 0 (0.0) 22 (46.8) 171
6 96 19 (19.8) 0 (0.0) 0 (0.0) 77 (80.2) 122

Total 712 298 (41.9) 6 (0.8) 18 (2.5) 390 (54.8) 566
Percentages use the matched count in each row. Correct ID denotes the first correctly owned Bio ID for 
that fish; Different ID denotes another Bio ID with the same fixed owner. No GT match is a separate 
count across all test frames, including artificial occlusion. Initial owner-defining observations are 
included; labels are not reassigned by majority vote over the test sequence.

4.6. Identity Recovery on Temporally Held-Out Segments
The final evaluation covered 208 test frames from Vid1 and 218 from Vid2. The strict 

episode definition yielded 23 complete episodes containing full disappearance. Five lacked 
a qualifying pre-occlusion identity for at least one output, leaving 18 shared recovery op-
portunities: six in Vid1 and twelve in Vid2. Re-ID correctly restored the prior identity in 
1/6 episodes in Vid1 and 2/12 in Vid2, or 3/18 overall (16.7%). All three correct recov-
eries bridged changed ByteTrack IDs, demonstrating successful identity reconnection in 
both recordings. It made one incorrect assignment and left 14 opportunities unresolved. 
ByteTrack recovered none of the 18 reference identities; its outcomes were two incorrect 
identities, eleven different identities for the same fish and five unresolved opportunities. 
Tables 3 and 4 report overall and per-identity outcomes. Changing the IoU threshold from 
0.3 to 0.5 did not alter these primary counts. Under the alternative partial-reappearance 
definition, Re-ID succeeded in 6/24 recovery episodes (25.0%) versus 0/24 for ByteTrack; 
its other outcomes were one incorrect identity, one different identifier for the same fish 
and sixteen unresolved episodes. This sensitivity result is kept separate from the primary 
denominator. The corresponding identity-label transition counts were 11 for ByteTrack 
versus 2 for Bio IDs in Vid1, and 10 versus 0 in Vid2. Numeric Bio IDs were available 
for only 226/438 (51.6%) and 96/274 (35.0%) GT-matched detections, respectively. The 
remaining matched detections were Scanning outputs. These lower switch counts coexist 
with low identity-assignment coverage and do not imply near-perfect recovery. ByteTrack 
and ByteTrack plus Re-ID were compared on identical detection outputs and ground-truth 
events. The stored test outputs created four Bio ID galleries for Vid1 and three for Vid2; 
these counts are reported separately from identity correctness. A smaller number of output 
identities or switches is not sufficient evidence of correct recovery when outputs remain 
unassigned or two fish are merged into one identity. Table 5 reports identity switches 
together with assignment coverage, and Figure 5 summarizes the event-level outcomes.
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Table 3. Ground-truth recovery outcomes on shared pre-enrolled events at IoU ≥ 0.30.

Definition N Output Correct Wrong Fish Different ID No Decision Correct (%)

Full emergence 18 ByteTrack 0 2 11 5 0.0%
Full emergence 18 +Re-ID 3 1 0 14 16.7%
Partial reappearance 24 ByteTrack 0 2 15 7 0.0%
Partial reappearance 24 +Re-ID 6 1 1 16 25.0%

Correct means restoration of the most recent correctly owned pre-event ID. Wrong fish means an ID 
first owned by another AAU Object ID. Different ID means another identifier for the same fish. All 
outcomes use the same event denominator for both outputs; unresolved cases are retained.

Table 4. Primary full-emergence recovery by ground-truth fish identity.

AAU ID N ByteTrack Correct Re-ID Correct Re-ID Wrong 
Fish

Re-ID 
Different ID

Re-ID No 
Decision

1 1 0/1 (0%) 1/1 (100.0%) 0 0 0
2 2 0/2 (0%) 0/2 (0.0%) 0 0 2
3 3 0/3 (0%) 0/3 (0.0%) 1 0 2
4 4 0/4 (0%) 1/4 (25.0%) 0 0 3
5 4 0/4 (0%) 1/4 (25.0%) 0 0 3
6 4 0/4 (0%) 0/4 (0.0%) 0 0 4

Table 5. Identity switches and Bio ID assignment coverage at IoU ≥ 0.30.

Video GT-Matched 
Detections Numeric Bio ID Scanning ByteTrack 

Switches Bio ID Switches

Vid1 438 226 (51.6%) 212 11 2
Vid2 274 96 (35.0%) 178 10 0

The exported test logs also recorded seven operations that reattached a new ByteTrack 
tracklet to an existing Bio ID. Six operations had a qualifying one-to-one ground-truth 
match at the assignment frame, and all six agreed with the fixed identity ownership. The 
seventh did not meet the primary IoU threshold at that frame and was not counted as a 
verified correct assignment. This conditional check of executed reattachments is separate 
from event-level recovery: it excludes opportunities in which no reattachment was made.

Table 3 summarizes both event definitions. For the partial-reappearance analysis,
26 complete full-containment runs yielded 24 shared eligible events after excluding
two initial-registration cases. The outcome categories were unchanged at IoU 0.5 for both 
definitions.

Table 4 separates the primary outcomes by AAU Object ID. Initial-registration cases are 
counted separately and are not represented as failures to recover a previously established 
identity.

AAU Object IDs 1–3 occur in Vid1 and 4–6 in Vid2. Vid1 contributes six eligible episodes 
and Vid2 contributes twelve. Detailed ByteTrack failure categories and all initial-registration 
cases are included in Supplementary Material S1.

Table 5 reports chronological identity-label changes and the fraction of matched detec-
tions carrying a numeric Bio ID. Coverage is conditional on a GT-matched detection and is 
not a whole-sequence detection recall.

Switches count changes between successive numeric labels matched to the same AAU 
Object ID, carrying the preceding label across unmatched or Scanning observations. This 
definition yields the same switch totals at IoU ≥ 0.50. No complete tracking benchmark or 
100% recovery claim is inferred from these counts.
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Figure 5. Ground-truth event outcomes for ByteTrack and ByteTrack plus Re-ID. Panel A uses the 
primary full-emergence definition (18 shared eligible episodes); panel B uses partial reappearance 
after each fully hidden run (24 shared eligible episodes). Labels are event counts. Different ID denotes 
fragmentation of an already enrolled fish. No decision includes Scanning and missing qualifying 
detections. Initial-registration episodes are reported separately in Supplementary Material S1.

4.7. Failure Analysis of the Temporal Test
The quality-gate replay reproduced the numeric-versus-Scanning state for all

749 logged outputs without discrepancies. Among the 390 ground-truth-matched Scanning 
outputs, 355 (91.0%) were rejected by at least one crop-quality gate and 35 (9.0%) passed 
the gates but had not yet accumulated three accepted crops for that track. Low sharpness 
occurred in 328 of the 355 rejected crops, sometimes together with overlap or an invalid 
aspect ratio; these overlapping causes are tabulated in Supplementary Material S2. A failed 
hybrid-score threshold is not itself a Scanning outcome: once three crops are available, the 
implementation creates a new gallery if no eligible score exceeds 0.75.

Of the 14 unresolved full-emergence recovery opportunities, five had no qualifying 
post-emergence pipeline match, six had matched Scanning outputs throughout the decision 
window, and three combined Scanning with unmatched frames. The saved post-tracker 
outputs cannot separate a detector miss from tracker suppression or inadequate box overlap 
in the unmatched cases. Five further complete episodes lacked a qualifying pre-occlusion 
identity in at least one output and were reported separately from the 18 shared recovery 
opportunities.

The fourth gallery in Vid1 was duplicate enrollment of AAU Object ID 2: Bio ID 4 
was created at frame 1052 with a logged best eligible hybrid score of 0.4516, below 0.75, 
although that fish already had reference Bio ID 3. It accounts for the six different ID outputs 
in Table 2. Conversely, all 18 wrong-fish assignments occurred when ByteTrack ID 3 carried 
Bio ID 1 from AAU Object ID 1 to Object ID 3 at frames 956–973. These outputs inherited 
the existing track-to-Bio-ID mapping rather than executing a fresh gallery match. The 
failure therefore includes propagation of an incorrect tracker association as well as duplicate 
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enrollment; counting galleries or executed reattachments alone would result in these errors 
being missed.

4.8. Baseline Failure Modes and Model-Selection Rationale
Two preliminary observations motivated the transition from the Triplet-only baseline 

to the BNNeck angular-margin model. First, grayscale preprocessing appeared to reduce 
available chromatic and texture cues and encourage pose-oriented grouping rather than 
identity-oriented separation. Second, a longer Triplet-only V1 development run appeared 
to lose separation. These observations were not obtained from matched ablations and do 
not establish the effect of an individual component. RGB-versus-grayscale comparisons 
and component-specific experiments under otherwise identical settings are planned for 
subsequent work.

5. Discussion
The temporal evaluation shows that the added hybrid association stage can reconnect 

known zebrafish after tracker interruption: Re-ID restored the prior identity in three of 
eighteen shared full-emergence opportunities, whereas ByteTrack alone restored none. 
Each success bridged a changed ByteTrack ID, with successes in both recordings. However, 
fourteen opportunities remained unresolved and one was assigned to the wrong identity. 
The whole-sequence analysis further shows that low switch counts coexist with extensive 
Scanning, duplicate enrollment and propagation of an incorrect track identity. The compar-
ison evaluates the association stage as a whole and does not isolate embeddings from the 
spatial bonus, gallery or quality gates. Recovery rates also depend on the event boundary 
and decision window. The historical V1/V2 diagnostics remain descriptive results from 
different fragment sets; they establish neither matched V2 superiority nor a causal benefit 
of an individual component.

The aquaculture relevance of the study lies in the transition from image-level observa-
tion to identity-linked longitudinal monitoring. Disease-detection, species-recognition and 
morphology-estimation systems address valuable but different tasks and need not preserve 
individual identity [1–5,17,20–22]. In contrast, a reliable re-identification layer allows ob-
servations to be accumulated for the same fish after occlusion, temporary disappearance 
or ambiguous crossings. This matters because the practical value of recognizing one spe-
cific fish is not limited to the act of recognition itself. Persistent identity can become the 
indexing mechanism for unique-fish counting and later records of feeding response, growth 
trajectory, body-size change, swimming activity, preferred tank regions, social interactions, 
visible disease signs, welfare, treatment response and selective breeding. It could also link 
visual phenotype to physiological or microbiome measurements [29]. In this sense, the 
present system should be viewed as the first layer of a broader individual-level monitoring 
framework for aquaculture and laboratory fish research.

The relationship between the proposed framework and existing tracking methods 
also clarifies the contribution of the study. Geometry-based trackers such as SORT and 
ByteTrack are efficient and useful for short-term continuity [10,11], especially when de-
tections are available in consecutive frames. However, they are not designed to recover 
identity from visual evidence after complete disappearance or strong ambiguity. Multi-
animal pose frameworks such as DeepLabCut and SLEAP provide powerful markerless 
tools for behavior analysis [15,16], but pose estimation and individual re-identification are 
not equivalent tasks. In visually homogeneous fish, body landmarks and short-term motion 
may remain ambiguous after occlusion. The proposed detector–tracker–re-identification 
pipeline therefore complements spatial tracking by adding a visual identity signal that can 
be used when trajectory continuity alone is insufficient.
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The failure trace suggests concrete priorities for subsequent work. The fixed sharpness 
and geometry gates should be calibrated on independent validation data, and quality-
weighted crop aggregation or preservation of accepted crops across short track interruptions 
should be tested against the current three-crop rule. Periodic checks of already assigned 
track identities could address the observed propagation error; duplicate-gallery checks 
could address repeated enrollment of one fish. These changes should be evaluated for both 
coverage and wrong-fish assignments, since simply relaxing rejection thresholds could trade 
abstention for identity errors. They are proposed interventions, not tested improvements. 
Matched component ablations, repeated training seeds and standard tracking metrics such 
as IDF1 and HOTA remain further work.

The study remains a controlled feasibility experiment rather than a population-level 
validation. The occlusion was simulated rather than created by a physical object in the 
tank, and generalization to different cameras, lighting conditions, fish ages, group sizes, 
water turbidity and aquaculture species remains to be tested. The original demonstration 
videos were generated in approximately 10–30 min in total on the GTX 1650 system; this 
approximate development observation was not repeated as a controlled temporal test 
benchmark. The exact visual cues learned by the model are also not yet fully explained. 
Future work will extend validation to larger identity sets, independent recordings, real 
occlusion, cross-tank testing and explainability analysis such as attention visualization or 
occlusion sensitivity. These limitations define the proper scope of the present results and 
the next stage of individual-level aquaculture analytics.

6. Conclusions
This study presents an experimental workflow for markerless re-identification of vi-

sually homogeneous zebrafish. The pipeline combines YOLO26n detection, ByteTrack 
short-term tracking and a Swin-T embedding model trained with BNNeck, ArcFace, Triplet 
and Center loss. The final detector and V2 model were retrained on temporally ordered 
blocks and evaluated on 426 held-out frames covering both recordings and all six known 
identities. Under the primary full-emergence definition, Re-ID restored the prior identity 
in 3 of 18 eligible recovery episodes (16.7%), compared with none for ByteTrack alone, 
but made one incorrect assignment and left fourteen opportunities unresolved. All three 
correct recoveries bridged changed ByteTrack IDs, with successes in both recordings. The 
partial-reappearance analysis gave 6/24 (25.0%) versus 0/24, with one incorrect identity, 
one different identifier for the same fish and sixteen unresolved episodes. These verified 
cases establish that the added association stage can restore identity after tracker interruption 
in this controlled setting; improving the frequency of successful recovery remains necessary. 
The ground-truth evaluation distinguishes successful recovery, incorrect assignments and 
unresolved identities; the historical predicted-folder Rank-1 and retrieval mAP values are 
auxiliary diagnostics. The present results concern identity recovery within two controlled 
recordings and do not establish recognition of unseen fish or transfer to other sessions and 
aquaculture environments.

Supplementary Materials: The following supporting information can be downloaded at https://www.
mdpi.com/article/10.3390/aquacj6040052/s1, Supplementary Material S1 contains frame split lists, 
temporal test predictions, one-to-one ground-truth matches, complete event tables, evaluation code, 
historical embedding arrays and figure files. Supplementary Material S2 adds frozen-checkpoint 
detector test results, per-fish whole-sequence identity outcomes, crop-quality replay records and 
reproducible analysis scripts.
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