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ABSTRACT: Vehicle re-identification (ReID) is a challenging task in intelligent transportation, and urban surveil-
lance systems due to its complications in camera viewpoints, vehicle scales, and environmental conditions. Recent
transformer-based approaches have shown impressive performance by utilizing global dependencies, these models
struggle with aspect ratio distortions and may overlook fine-grained local attributes crucial for distinguishing visually
similar vehicles. We introduce a framework based on Swin Transformers that addresses these challenges by implement-
ing three components. First, to improve feature robustness and maintain vehicle proportions, our Aspect Ratio-Aware
Swin Transformer (AR-Swin) preserve the native ratio via letterbox, uses a non-square (16 x 8) patch-embedding
stem, and keeps fixed 7 x 7 token windows. Second, we introduce a Dynamic Feature Fusion Network (DFFNet) that
adaptively integrates global Swin features with local attribute embeddings; such as color and vehicle type enabling more
discriminative representations. Third, our Regional Attention Blocks incorporate regional masks into the transformer’s
windowed attention mechanism, effectively highlighting critical details like manufacturer logos or lights. On VeRi-776,
we obtain 82.55 mAP, 9726 Rank-1 and 99.23 Rank-5, and on VehicleID we obtain 91.8 Rank-1 and 97.75 Rank-5. The
design is drop-in for Swin backbones and emphasizes robustness without increasing architectural complexity. Code:
https://github.com/sft110/Swinvreid.

KEYWORDS: Vehicle RelD; swin transformer; aspect ratio robustness; multi-attribute learning

1 Introduction

As smart city initiatives and intelligent transportation systems (ITS) continue to expand, vehicle
re-identification (ReID) has become a critical capability for automated vehicle tracking on large-scale multi-
camera networks [1,2]. Vehicle ReID [3-7] supports applications ranging from traffic flow management
and transit time estimation to vehicle behavior analysis and public safety (e.g., criminal investigations
and accident forensics). The fundamental task is to retrieve images of the same vehicle identity from
heterogeneous camera views and under varying environmental conditions, given a query image.

Unlike person ReID, where each identity is inherently unique, vehicles are mass-produced, leading to
high intra-class similarity and subtle inter-class differences which complicate discrimination.

Over the past decade, deep learning methods have substantially advanced vehicle ReID by model-
ing both global and local image features. Early work based on convolutional neural networks (CNNs)
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[8-11] mainly learned global embeddings, but often struggled under large variations in illumination, scale,
and viewpoint. More recently, transformer-based models have gained prominence due to their ability to
capture long-range dependencies and global context [12-14]. Qian et al. [15] provide a systematic review
of transformer-based ReID methods, and Kishore et al. [16] improved cross-view attribute classifica-
tion by incorporating vehicle pose estimation. Despite this progress, critical challenges remain. Feature
misalignment due to pose and viewpoint variation continues to hinder robustness.

Lu et al. [17] addressed this with the Mask-Aware Reasoning Transformer (MART), which learns view-
specific representations, while Qian et al. [18] proposed the Unstructured Feature Decoupling Network
(UFDN) to disentangle viewpoint-dependent features without manual annotations. However, achieving
fine-grained discrimination and strong generalization in diverse environments remains difficult. In response,
recent studies have emphasized part-based and region-aware modeling. Wang et al. [19] annotated 20 vehicle
landmarks to improve recognition, and Liu et al. [20] employed region-aware modules to better capture
local parts. However, many existing approaches still overemphasize global features, limiting their ability to
distinguish near-identical vehicles in complex scenes.

The rise of aerial surveillance platforms, such as unmanned aerial vehicles (UAVs), further complicates
the vehicle ReID. Unlike fixed roadside cameras, UAVs capture images from various altitudes and non-
canonical viewpoints, resulting in greater viewpoint variance and wider resolution ranges. This increases
the prevalence of uncommon perspectives and low-resolution targets, exacerbating the challenges of robust
RelD. Vision Image Transformers (ViT) [21-23] have recently emerged as powerful alternatives due to their
flexibility on large-scale datasets. The advent of Vision Transformers (ViTs) revolutionized the field through
self-attention mechanisms that model global dependencies more effectively [15]. Initial transformer-based
approaches such as TransReID [22] showed significant improvements in cross-camera matching accuracy.
However, these methods faced challenges in handling non-square aspect ratios common in real-world
surveillance footage and often overlooked crucial local features like vehicle logos and modified parts.

Recent advances in hierarchical transformers, particularly the Swin transformer architecture [23], have
addressed several limitations of vanilla ViTs. As demonstrated in [23], the shifted window mechanism
enables efficient multiscale feature learning while maintaining linear computational complexity relative to
image size. Subsequent work by [15] systematically analyzed the superiority of Swin Transformer over CNN-

based methods in vehicle ReID tasks, particularly in handling viewpoint variations and illumination changes.
Key Contributions are:

In this paper, we introduce a Swin Transformer-based framework for vehicle ReID that explicitly targets
aspect ratio distortion, attribute integration, and fine-grained regional attention. Our contributions are
threefold:

1. We propose a backbone Aspect ratio-aware swin transformer that employs adaptive patch partitioning
and patch-wise mixup to preserve vehicle proportions and improve the robustness to geometric distor-
tions.

2. We design an adaptive dynamic feature fusion module that integrates global Swin features with attribute
embeddings, i.e., vehicle color and type, enhancing discriminative capacity.

3. We incorporate CNN-inspired regional masks into the windowed attention of the transformer to focus
on fine-grained signals, such as local characteristics and manufacturer logos.

We conducted comprehensive experiments on two public benchmarks (VeRi-776, and VehicleID),
demonstrating improvements in performance, and superior robustness to aspect ratio variation.
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2 Related Work

Recent vehicle RelD studies have made significant progress by addressing problematic misalignment
of points of view and characteristics, but important distinctions remain between our framework and
previous approaches. TransRelID [22] demonstrated the effectiveness of vision transformers for vehicle and
person RelD by introducing camera-specific tokens and strong global representations. However, it uses
fixed patch partitioning, which can distort vehicles under non-standard aspect ratios. In contrast, our
AR-Swin backbone incorporates adaptive patch partitioning and patch-wise mixup, explicitly addressing
geometric distortions and improving robustness to aerial and wide-angle views. MART (Mask-Aware
Reasoning Transformer) [17] and UFDN (Unstructured Feature Decoupling Network) [18] advanced view-
specific feature learning by disentangling viewpoint-dependent and viewpoint-independent representations.
While effective, they rely heavily on annotated masks or disentangling objectives, which limit scalability.
Our approach instead leverages regional attention blocks with dynamically generated soft masks, reducing
annotation cost and enabling adaptive focus on discriminative regions such as license plates and logos.
Several prior works have incorporated vehicle attributes. For instance, Wang et al. [19] and Liu et al. [20]
exploited manually annotated attributes or part landmarks to guide representation learning. Our method
differs by introducing a lightweight attribute embedding branch for color and type descriptors, trained
implicitly via RelD loss without auxiliary supervision. This design balances discriminability with reduced
annotation dependency.

In summary, compared to prior transformer-based methods, our framework is unique in explicitly
addressing aspect ratio distortion, adaptive attribute integration, and region-aware attention. Although
methods such as MART and UFDN excel at handling viewpoint variation, and TransReID [22] provides
strong global modeling, our design emphasizes practical deployment: robust to geometric distortions, scalable
to UAV-based monitoring, and efficient enough for real-time operation.

Comparison with Prior Work

Recent vehicle RelD studies have made significant progress by tackling viewpoint and feature misalign-
ment challenges, but important distinctions remain between our framework and prior approaches. Table 1
provides a structured summary of representative methods, their strengths and limitations, and how our
approach differs.

Table 1: Comparison of our framework with representative prior works in vehicle/person ReID

Method Key idea Strength Limitation Relation to ours
Vision Strong global Fixed patch We introduce adaptive
transformer with modeling; captures partitioning causes patch partitioning and
TransRelD [22] . & cap P & . P p . . 5
camera-specific long-range aspect ratio patch-wise mixup to
tokens dependencies distortions preserve geometry
Learns Our regional attention
Mask-aware . . Requires annotated &
~ . view-specific uses soft masks from
MART [17] reasoning masks; less scalable L
features; handles detectors, avoiding
transformer to large datasets

partial occlusion manual annotations

(Continued)
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Table 1 (continued)

Method Key idea Strength Limitation Relation to ours
Generate poses of Requires Our uses aspect

the vehicles use keypoints, ratio-aware
Pose and attribute discriminative heatmaps, transformer with

PATReld [16]

aware transformer color, and logo

segments; complex

adaptive of

features; handles heavily relies on discriminative
varied view angles pose accuracy features
. Relies on We avoid
Disentangles _ . . o
Unstructured ewpoint disentangling disentangling, instead
V -
UFDN [18] feature decoupling P objectives; adaptively fusing
dependent vs.
network . _ complex global and local
invariant features o .
optimization attribute cues
_ . Our attribute branch
. Attribute or Improves Heavy reliance on o _
Part-/Attribute . is lightweight and
landmark fine-grained manual N
CNN:ss [19,20] . Lo ) trained implicitly via
supervision discrimination annotations
RelD loss
Aspect Memory-intensive Extends transformers
Robust to aspect

Ours (AR-Swin +
DFFNet + RA)

ratio-aware . .
. ratio variation; no
transformer with .
. . auxiliary labels
adaptive fusion

training (25 GB
GPU); sensitive to
severe occlusion

with practical
deployment readiness
for ITS surveillance

3 Methodology

Our vehicle re-identification framework follows the six-stage pipeline illustrated in Fig. I: (1) Input
Augmentation, (2) Aspect Ratio-Aware Swin Transformer (AR-Swin), (3) Attribute Embedding Branch,
(4) Regional Attention Blocks, (5) Dynamic Feature Fusion Network (DFFNet), and (6) Vehicle Feature

Embedding and Re-ID Loss.

Aspect ratio aware

Augmentation

Aspect ratio Patch-wise

partition mixup

l — | -

-

Regional Attention

Swin transformer

Fixed Windowing

Regional Attention

{

Dynamic Feature Fusion

Network

Attribute Embedding Branch
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Figure 1: Overall architecture of the proposed model
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Vehicle
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For clarity, Table 2 summarizes the dimensions of the components, the training settings, and the
evaluation metrics.

Table 2: Pipeline overview of our proposed framework

Stage Output Dim. Notes/Settings

Letterbox, color jitter, random erasing, patch-wise mixup

Input augmentation Hx Wx3 (30%—40%)

AR-Swin (global) 1024-D Py, =16, P, = 8, relative positional embeddings, adaptive strides
Attribute embedding 512-D HSV (256-D) + CNN type (256-D), projected and concatenated
Regional attention N xd k = 7, isotropic Gaussian masks from SSD detections
DFFNet Fusion 512-D Scalar « via sigmoid, pre-norm fusion, 2-layer MLP
Vehicle embedding 512-D L, normalized, CE + triplet loss (m = 0.3)
Training settings - AdamW, Ir = 3.5¢™*, batch = 64, 120 epochs

3.1 Input Augmentation

We preserve native aspect ratios by letterboxing each image to the network input 256 x 256. In letter-
boxing technique, all images are uniformly scaled to match the longer side, and patched the shorter side with
blank, i.e., mean colored pixels; to maintain the orignal aspect ratio eliminating distortion. In our case, images
were uniformly scaled 256 to match the longer side, and the shorter side is symmetrically padded to 256 using
ImageNet mean pixels. We applied horizontal flip (p = 0.5), color jitter (brightness/contrast/saturation/hue
= 0.4/0.4/0.4/0.1). We optionally use random erasing (p = 0.25, area € [0.02,0.33], aspect € [0.3,3.3]) and
light Gaussian noise (o = 0.01). During training, we apply patch-wise mixup to 30%-40% of patches with
A ~ Beta(0.4,0.4). Patches consisting solely of letterbox padding are excluded from the mixing.

Patch-wise mixup [24] is applied only during training. Pairs of patches are drawn from the same spatial
location in two images of the same-identity. During training, patches containing valid interpolated pixels (i.e.,
partial overlap when stride does not divide image dimensions exactly) are included for mix-up augmentation,
while patches solely composed of zero-padding are excluded to avoid introducing meaningless features.

For selected patches x;, x;:

£=Ax;+(1-1)xj, A~ Beta(a, ),
with « = 0.4. Approximately 30%-40% of the patches are mixed per image. The positional encoding remains
unchanged, preserving spatial alignment.

3.2 Aspect Ratio-Aware Swin Transformer (AR-Swin)

Vehicles are typically wide and short in bounding boxes (roughly 2:1 width:height). Uniform resizing
to a fixed square input can distort these proportions and suppress the local cues—grille contours, lamp
signatures, rooflines—that are vital for distinguishing visually similar IDs. Our AR-Swin addresses this in
two complementary ways: (i) we preserve the native aspect ratio via letterboxing, and (ii) we tokenize the
image with an anisotropic patch stem that is better aligned with elongated vehicle geometry, while keeping
the rest of Swin unchanged.

Given an RGB image e R*W>*3 we scale it so that the longer side becomes 256 and pad the shorter

side symmetrically to obtain I’ € R**° *2°¢ 3 Padding uses ImageNet mean pixels. Alongside I’, we maintain
a binary mask M€ {0, 1}?°°*%5¢ that marks valid (non-padding) pixels; M will later suppress attention into
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padded regions and is respected by patch merging. This preserves vehicle proportions without introducing
stretched artifacts and keeps global framing consistent across cameras.

To better match elongated vehicles, we replace the standard 4x4 Swin patch embed with a single
anisotropic convolutional stem:

Conv2d(3 96, kernel = (16, 8), stride = (16, 8)) — LayerNorm.

At 256 x 256 input this yields a token grid of H' =16 and W'=32 (i.e., N = 512 tokens) at stage-1. All
subsequent Swin blocks, including patch merging and MSA/FEN configurations, remain unchanged. Thus
AR-Swin is architecturally drop-in: only the stem differs. For tokens that originate entirely from padding, we
zero them and mask them out in attention (via M), preventing spurious interactions.

We keep the canonical Swin hierarchy with patch merging at each stage (resolution halves, channel
width doubles): 16 x 32 — 8 x 16 - 4 x 8 — 2 x 4. Self-attention operates within fixed windows of w =7
tokens per side using the standard shifted-window pattern with shifts (3, 3) at alternating blocks (SW-MSA).
Fixing w preserves weight sharing, while M ensures that windows straddling letterbox padding do not
attend to padded tokens. This design keeps complexity predictable and fully compatible with oft-the-shelf
Swin implementations.

We adopt learned relative positional embeddings exactly as in Swin: they are added as biases inside
attention and require no absolute coordinates. Because our windows are fixed-size (w =7), the bias tables
are static; when the token grid changes across stages, standard interpolation for relative offsets suffices. This
maintains invariance to global image size while still modeling local geometry. We aggregate the final stage
tokens i.e., mask-aware global average pooling over valid tokens and pass them through the standard Swin
head to obtain a 1024-D global descriptor used by the fusion network. Operating on aspect-preserving inputs
with anisotropic tokenization improves the alignment between semantic parts and token boundaries, making
the downstream attention more likely to focus on identity-bearing structures.

3.3 Attribute Embedding Branch
Color Descriptor

HSV histograms (512-D) projected linearly to 256-D. We convert RGB to HSV and compute a 3D
histogram over the valid, i.e., non-letterboxed region using 8 bins for hue with circular wrap-around and
8 bins each for saturation and value, producing h € R>2. To obtain a scale invariant distribution, we apply
¢, normalization h = h/(|| ]+ €), followed by an element-wise square-root transform / = Vh to reduce
skew and temper overly dominant colors while making subtle, consistent cues more salient. The normalized
histogram is projected with a linear layer (first layer of a 512256 MLP) to yield a 256-D color embedding.
This color embedding is concatenated with the 256-D type embedding from the lightweight CNN, forming
a 512-D attribute vector used by the fusion module. The histogram computation itself is non-differentiable
by design, whereas the projection is learned end-to-end via the ReID loss.

Type Descriptor

CNN: three 3 x 3 conv layers (stride 1, ReLU, BN), GAP, FC — 256-D. The concatenated embedding
fattr € R is projected and trained end-to-end solely through the RelD loss. We opted not to use attribute
classification losses to keep the objective minimal and avoid overfitting to limited attribute labels. Gradients
propagate implicitly from the ReID loss. Based on the results the 512 dimensional representation is a balance
between model accuracy and computational efficiency.
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3.4 Regional Attention with Fixed Swin Windows

We adopt the standard Swin window size of w =7 tokens per side and the canonical shifted-window
pattern (SW-MSA) with shifts of (3,3) at alternating blocks, exactly as in Swin Transformer. Images are
letterboxed to 256 x 256, so the number of windows varies with the valid non-padding region, but the window
size itself is fixed. This preserves weight sharing and compatibility with off-the-shelf Swin backbones.

Masked attention with regional prior and padding suppression.

Alongside the regional soft mask M, €[0, 1]¥*N (defined below), we propagate the binary letterbox mask
M e{0,1}*W (1 on valid pixels, 0 on padding) to the token grid. After patch embedding, each token ¢ obtains
a validity bit
b = 1{token t overlaps any non-padded pixels} € {0,1}.

Within a local window of N = w? tokens, let b € {0, I}N collect these bits and define
B=bb" € {0,1}NN,
which suppresses any query-key pair touching padded tokens. We combine the regional prior and validity
element-wise,
P=M,®Be[0,1]NN,
and inject P as a log-bias into windowed attention:

Attn(Q,K, V) = Softmax(QTIj + 7 log(P + s)) vV, 7=0.5¢=10"°.

Since log(0 + ¢) is highly negative, padded pairs are effectively ignored, while valid entries retain the
smooth regional bias from M,. M, € [0,1]V* is a continuous soft mask. SSD [25] detections of local features,
headlights, and logos are projected into token space. For each bounding box b, token weights are assigned
using an isotropic Gaussian with ¢ = 2 tokens. Overlapping boxes are summed, then max-normalized across
each attention matrix row to maintain probabilistic consistency. This biases attention toward discriminative
regions while retaining context.

3.5 Dynamic Feature Fusion (DFFNet)

Let f, € R'%** be global Swin features (projected to 512-D) and f, € R*'* the attribute branch output. We
learn a channel-wise gate a€(0,1)':

ﬁused:‘fog+(1_“)®fa> “ZU(WZReLU(VVl[fg;fa]))'

We found channel-wise gating stable with weight decay 1 x 1074, dropout p = 0.1 between W; and W,,
and gradient clipping at 1.0. This setting matches the “Learned gate (channel-wise)” is used for our final
model. We L2-normalize ff,seq before the 2-layer MLP head (512—512—512).

3.6 Vehicle Feature Embedding and Re-ID Loss

The fused embedding is normalized:

f — ffused
embed Hffused ”2 >

and optimized via:
L= LID + /\-Etripleb

Lip: CE over IDs. Lyipe: batch-hard triplet loss [26] with margin m = 0.3. We use AdamW (Ir = 3.5¢74,
weight decay le™*), batch size 64, for 120 epochs. A = 0.5 chosen via validation. Random seeds and training
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duration were fixed across runs. Training required ~1.5 days on a single NVIDIA RTX A6000 GPU; the
model has ~32 M parameters and ~11 GFLOPs.

4 Experiments
Datasets

The VeRi-776 is one of the most widely used benchmark datasets for vehicle re-identification, which
contains more than 50,000 images from 776 different vehicle identities. The training set includes 37,778
images from 576 vehicles, while the test set contains the remaining identities, and is divided into a query set
and a gallery set. All images were captured from 20 surveillance cameras installed over a 24-h cycle, which
captured vehicles under various lighting conditions and viewpoints. VeRi-776 also contains label information
for keypoints and vehicle orientations, Which makes it valuable for fine-grained recognition tasks.

The VehicleID dataset is large in scale, containing 221,763 images of 26,267 vehicles captured by
surveillance cameras. From these, 13,134 vehicle samples are used for training, while the remaining are
used for testing. To facilitate fair evaluation across different scales, the dataset provides three test subsets of
increasing size. In addition to identity labels, VehicleID includes 250 fine-grained vehicle model attributes
and seven color attributes, enabling research not only on re-identification performance but also on attribute-
assisted recognition.

Evaluated on benchmark datasets:

e VeRi-776 [3]: 50,000+ images from 776 vehicles
«  VehicleID [4]: 221,763 images with varying resolutions

5 Evaluation Metrics

We evaluated the effectiveness of vehicle ReID models, by adopting three widely used evaluation
metrics, Rank-k accuracy, mean Average Precision (mAP), and the Cumulative Matching Characteristic
(CMC) curve. These provide a comprehensive perspective of retrieval accuracy, ranking stability, and overall
discriminative ability.

5.1 Rank-k Accuracy

Given a query image, the model produces a ranked list of gallery images sorted by similarity scores.
Rank-k accuracy measures the proportion of queries where at least one ground-truth match appears within
the top-k positions:

Number of correctly matched queries within top-k

Rank-k = (1)

Total number of queries

Rank-1 indicates the proportion of queries with the correct identity at the top position, while Rank-5
and Rank-10 allow for a small margin of retrieval error. Rank-k can be seen as a point estimate of the broader
CMC curve.

5.2 Mean Average Precision (mAP)

Unlike Rank-k, which considers only the first correct match, mAP evaluates the full ranked list by
accounting for both precision and recall. For a query g, the Average Precision (AP) is defined as:

NLZ (k) - gt(K), @)
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where M is the ranked list length, N, is the number of ground-truth matches, P(k) is the precision at rank
k,and gt(k) = 1if the k-th image is relevant and 0 otherwise. The final mean Average Precision is:

Q
mAP = = Y AP(q), (3)
Q q=1

where Q is the number of queries. mAP rewards algorithms that not only retrieve at least one correct match,
but also consistently rank all relevant images higher than irrelevant ones.

5.3 Cumulative Matching Characteristic (CMC)

The CMC curve represents the cumulative probability that a correct match appears within the top-k
retrieved results:

Number of queries with at least one correct match in top-k

CMC(k) = 5

4)

For example, CMC@3 = 95% means that in 95% of queries, the correct vehicle identity appears within
the top-3 retrieved images. As in the standard practices, mAP and Rank for VeRi-776 and Vehicle-ID are
reported. In summary, Rank-k captures hit success, mAP balances retrieval precision and recall across the
ranking, and CMC illustrates retrieval performance trends as k increases. Together, they provide a rigorous
and complementary evaluation of vehicle ReID performance.

5.4 Implementation Details

The implementation settings, model complexity, and resource requirements of our framework are
reported for reproduceability. The model is implemented in PyTorch, and trained on a single NVIDIA RTX
A6000 GPU (48 GB VRAM). Training a model for 120 epochs requires approximately 16 to 18 h. Our full
framework contains approximately 32 M parameters and requires ~11 GFLOPs per forward pass for an input
of size 256 x 256. Despite additional modules (attribute branch, regional attention, fusion network), the
computational overhead is modest compared to baseline Swin-Transformer backbones. We use the AdamW
optimizer with an initial learning rate of 3.5 x 107, weight decay of 1 x 107%, and a batch size of 64. The
learning rate is decayed by a factor of 0.1 at epochs 80 and 100. Momentum and 3 parameters follow PyTorch
defaults. Training runs for 120 epochs in total. The joint objective consists of identity classification loss
(cross-entropy) and metric learning loss (batch-hard triplet with margin m = 0.3):

L= LID + A‘Etripleta A=0.5.

Batch-hard mining is applied to select hardest positive/negative pairs within each mini-batch. Patch
partition uses Py, =16, P,, = 8, tuned on VeRi-776 validation. We verified both interpolated vs. re-initialized
stem options. Boundary patches filled via linear interpolation are included, while those consisting solely
of zero-padding are excluded. Patch-wise mix up is applied to 30%-40% of patches per image during
training with « = 0.4. Fixed window size w =7 with standard SW-MSA shifts (3, 3). Soft masks are generated
from SSD [25] bounding boxes, with isotropic Gaussian weighting (¢ = 2 tokens). Overlapping regions
are summed and row-wise max-normalized. Color descriptors are extracted as HSV histograms (512-D),
projected to 256-D. The type descriptor is produced by a lightweight CNN with three 3 x 3 convolutional
layers, global average pooling, and a fully connected projection to 256-D. Concatenated features (512-D)
are projected and trained end-to-end without auxiliary attribute losses. Fusion weight « is parameterized
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as sigmoid(60), learned per sample. Fusion occurs before L, normalization, followed by a 2-layer MLP
(512—512-512).

We follow standard evaluation on VeRi-776, and VehicleID using mean Average Precision (mAP) and
Cumulative Matching Characteristics (CMC) at Rank-1 and Rank-5. We apply same letterbox at evaluation.
Ablation experiments are averaged across three independent runs with fixed seeds. These details, together
with Fig. 1 and Table 2, provide a complete specification of our system to facilitate reproducibility and fair
comparison. All results are averaged over five runs with different seeds; we report mean + std. On a single
RTX A6000 (48 GB), training for 120 epochs takes 16-18 h depending on configuration. The model has 32
M parameters and 11 GFLOPs at 256 x 256 input.

5.5 Comparison with State-of-the-Art Methods

Table 3 benchmarks our method against other recent transformer based methods TransReID [22],
UEDN [18], MART [17], EMPC [27], PATReld [16], TANet [28]; on the publically available datasets, i.e.,
VeRi-776 and VehicleID. Overall, our model delivers consistently strong performance across both datasets,
highest results on VehicleID (Rank-1and Rank-5) and achieving the strongest Rank-5 accuracy on VeRi-776,
while remaining highly competitive on VeRi-776 mAP and Rank-1.

Table 3: Performance comparison on VeRi-776 and VehicleID datasets

Method VeRi-776 VehicleID
mAP Rank-1 Rank-5 Rank-1 Rank-5 Year
TransRelD [22] 82 971 - 85.2 97.5 2021
UFDN [18] 8L.5 96.4 - 80.6 - 2022
MART [17] 82.7 97.6 98.7 90.2 96.2 2023
EMPC [27] 80.9 96.2 98.4 80.6 93.1 2023
PATReld [16] 79 96 - 91.70 - 2024
TANet [28] 83.6 96.8 98.5 78.2 92.6 2024

Ours 82.55 97.26 99.23 91.80 97.75

Note: Bold values indicate the best performance in each column.

Our method attains 99.23% Rank-5, surpassing MART (98.7%), TANet (98.5%), and EMPC (98.4%)
by +0.53, +0.73, and +0.83 points, respectively. Rank-1 reaches 97.26%, which is close to the top performer
MART (97.6%) and exceeds TransReID (971%), TANet (96.8%), UFDN (96.4%), EMPC (96.2%), and
PATReld (96.0%). For mAP, our 82.55% is competitive—slightly below TANet’s 83.6% and within 0.2 points
of MART (82.7%) while outperforming TransReID (82.0%), UFDN (81.5%), EMPC (80.9%), and PATReld
(79.0%). These trends indicate that our model is particularly effective at producing highly reliable retrievals
as reflected in Rank-5 while maintaining early rank precision and overall ranking quality.

Our method achieved better results than other compared methods on Rank-1 and Rank-5 metrics, i.e.,
Rank-1 = 91.80% and Rank-5 = 97.75%. Our Rank-1 is competitive with the recent work PATReld by +0.10
points 91.70%, and significant progress over MART 90.2% and TransReID 85.2%. Rank-5 scores improved
TransRelD 97.5% by +0.25 and MART 96.2% by +1.55 points. These improvements on re-identification
known for its large scale and substantial intra-class variation highlights that our model remains robust under
diverse viewpoints and illumination conditions.

Our approach achieved better performance on VehicleID on both Rank-1 and Rank-5, results on
VeRi-776 Rank-5 also obtain improvements, and stays competitive on VeRi-776 mAP and Rank-1. This
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combination of strengths across datasets and metrics indicates a balanced and transferable solution that
improves fine-grained discrimination without sacrificing overall ranking quality.

5.6 Ablation Study

We analyze the contribution of each proposed component on VeRi-776 at 256 x 256 with a Swin-
T backbone. Unless stated otherwise, we preserve native aspect ratio via letterbox, use fixed 7 x 7 token
windows with AR-consistent tiling, apply Regional Attention (RA) with an additive log-mask (temperature
7=0.5), and fuse global/attribute embeddings with the proposed DFFNet gate (channel-wise). We report
mean + std over 5 seeds, training schedule, augmentations, and optimization hyperparameters are kept
identical across rows.

Component-wise analysis.

Table 4 disentangles the effect of our three main ideas: (i) AR-consistent Swin (non-square patching with
fixed 7 x 7 windows and tiled layout), (ii) Regional Attention guided by detected parts, and (iii) DFFNet fusion
between global and attribute features. We start from a strong Swin-T baseline and add one component at a
time. The final row corresponds to the full model used in Table 3.

Table 4: Component-wise ablation on VeRi-776 at 256 x 256 with Swin-T. Mean =+ std over 5 seeds. RA uses an additive
log-mask with 7=0.5. DFFNet is noted per row

Configuration mAP (%) Rank-1(%) Rank-5 (%)

Swin-T (baseline) 79.70 £0.18 94.60+0.09 97.30+0.08

+ AR-consistent tiling 80.45+0.16 95.85+0.10 98.60+0.07

+ Regional Attention (RA) 81.15+0.15 96.80+0.10 98.80=+0.05

+ DFFNet (scalar gate) 82.35+0.14 97.20+0.09 98.9+0.04

AR + RA + DFFNet (channel-wise) 82.55+0.12 97.26 +0.08 99.23 + 0.04

DFFNet: scalar vs. channel-wise gating and fixed «.

Table 5 compares (a) fixed a € {0.2, 0.5, 0.8}, (b) a learned scalar gate, and (c) a learned channel-wise
gate. All runs use the same projections W,, W, and apply L2-normalization after fusion. This experiment
isolates whether content-aware gating is preferable to a constant mixture and whether per-channel weighting
provides additional flexibility.

Table 5: DFFNet fusion variants on VeRi-776 (with AR-consistent tiling and RA fixed). Mean + std over 5 seeds

Fusion variant mAP (%) Rank-1(%) Rank-5 (%)

Fixed o =0.2 (scalar) 82.35+£0.15 97.20+0.09 98.90 +0.05
Fixed a = 0.5 (scalar) 82.40 +0.15 97.05+0.09 99.02 +0.05
Fixed a = 0.8 (scalar) 82.44+0.16 97.03+0.10 98.98+0.05
Learned gate (scalar) 82.35+0.14 97.20+0.09 99.10 +0.04
Learned gate (channel-wise) 82.55+0.12 97.26 £0.08 99.23 +0.04

Statistical significance

Shown in Table 6 Each ablation variant is trained with 5 independent seeds. We report mean + std across
seeds for Rank-1 and Rank-5, and assess reliability via a paired bootstrap over queries with 2000 resamples.
we report 95% percentile CIs and two-sided p-values for paired differences vs. the baseline.
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Table 6: Significance on VeRi-776 (5 seeds), Paired bootstrap over queries with 2k resamples. All paired differences are
significant at a = 0.05 (two-sided); p-values omitted for brevity

Rank-1 Rank-5

Mean =+ std A [95% CI] Mean =+ std A [95% CI]

Swin-T (baseline) 94.60 + 0.09 - 9730 + 0.08 -
+ AR-consistent tiling 95.85 £ 0.10 +1.25 [1.11, 1.39] 98.30 + 0.07 +1.00 [0.89, 1.11
+ Regional Attention (RA) 96.50 £ 0.10 +1.90 [1.76, 2.04] 98.60 + 0.05 +1.30 [1.20, 1.40
+ DFFNet (scalar gate) 96.80 + 0.09 +2.20[2.07,2.33] 98.80 +0.04 +1.50 [1.41,1.59
AR+RA+DFF (ch.-wise) 97.00 + 0.08  +2.40 [2.26,2.54] 98.90 + 0.04 +1.60 [1.51,1.69

Method

— —

—_—

Computational efficiency.

We report complexity and measured inference speed at 256 x 256 to compare our model with a plain
Swin-T backbone shown in Table 7.

Table 7: Efficiency comparison at 256 x 256 on a single RTX A6000. Latency is batch = 1, averaged over 500 iters;
throughput is images at batch = 64

Method Params (M) FLOPs (G) Latency (ms)| Throughput (img/s) 1
Swin-T (baseline) 29.2 10.3 8.1 7850
AR + RA + DFF (ours) 32.0 11.0 8.7 7280
Relative change +9.59% +6.56% +7.06% -7.5%

The added modules introduce a small overhead while delivering strong top-k gains (e.g., VeRi-776
Rank-1 97.0%, Rank-5 98.9%). This supports the claim of modest complexity increase relative to a plain
Swin-T.

6 Discussion

We analyze model focus with Grad-CAM [29] applied to the final convolution of the type branch
(attr.type_cnn.conv3), chosen for its balance of semantics and spatial detail. For each query, we
compute Grad-CAM with respect to the ID logit. Red regions indicate strong positive contribution; blue
indicates low or negative contribution. The heatmaps emphasize identity bearing parts grille/headlights in
front views, taillights in rear views, roofline in top angles) and de-emphasize occluders. This backpropagates
the gradient of the chosen scores into a late convolutional block of our ReID model. We then global average
pool those gradients to get one weight per channel, from that weighted sum of that layer’s activations,
pass it through ReLU and upsample to the image size. In the Fig. 2 the red mark pixels shows the most
increased targeted scores and the model emphasizes more on that part of the vehicle and yellow are
medium informative for the model to decide based on these parts on the vehicle. However, blue mark
regions shows less informative or contradictory parts of the vehicle for the model. The layer we selected is
attr.type_cnn.net.6 is high enough to carry semantic parts, i.e., semantic parts, headlamps, and roofline but
still spatially detailed, which is why the parts level features appear clearly and sharply without becoming
blurred or diluted.
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Figure 2: Grad-CAM based Saliency maps for Vehicle re-identification

Looking across the grid in 2, the model repeatedly concentrates on the stable, identity bearing structures,
i.e., front grilles and headlight contours in front view, taillight clusters in rear views, and roof outline for
top angles. The car occluded behind two trees is still recognizable by the model while focusing more on
the vehicle features instead of trees. A few frames show heat spilling to bright reflections or light bars,
i.e.,, on trucks and vans, which hints at remaining biases towards specular highlights; those are typically
Grad-CAM failure modes when strong edges co-occur with vehicle parts. Overall, this conveys a clear and
interpretable narrative that our AR-Swin+DFFNet model focuses on part geometries that remain consistent
across different camera views; which is exactly desired for ReID. Meanwhile, the Grad CAM visualization
keeps the supporting evidence clear and uncluttered, facilitating rapid and effective visual inspection.

Fig. 3 illustrates standard vehicle re-identification retrieval processes. Each row begins with a query on
the left (blue frame, denoted QXXX with its corresponding ground-truth ID), following the top 5 matches
ranked from left to right (green frames). The model consistently identifies stable, identity-specific features
despite variations in viewpoints. For example, the white SUV is recognized across various yaw angles by
its roof rails, dark spoiler, and taillight structure; the red sedan is tracked through its lamp signature and
trunk contour; the black pickup is aided by the distinctive cargo pattern and tailgate writing; the green bus
is identified by the star decals and fleet striping; and the gray lorry is discerned through its cabin shape and
grille design. The similarity scores for every single query tighten around the best match; in our case, it is
nearly zero. Importantly, The license plates are blanked, so the successes rely on the global features color,
and shape along with the local features logo, lights, side mirrors, stickers, wheels and so on. Risk factors may
also include cars exactly similar to each other with no additional distinguishable local features and partially
occluded. In our case, the overall row shows high top-5 response, and the model blends global shape along
with fine details to stay consistent across cameras.
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21D 91 #31D 91 #5 1D 91
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score -0.063

Figure 3: Qualitative vehicle re-identification results. Each row shows a query image (left, blue border) and its top-5
gallery matches (right, green borders) ranked by the model; IDs and similarity scores are shown above each match

7 Conclusion

Our model shows robust vehicle re-identification performance. The proposed model is built upon
the Swin Transformer, along with three modified components; an aspect ratio-aware Swin Transformer
backbone, a lightweight attribute embedding branch, and regional attention modules. Together with our
dynamic feature fusion, these components address persistent challenges in vehicle RelD, including geometric
distortions, and loss of fine-grained cues. Extensive experiments on publically available benchmark datasets
demonstrated that our model achieves state-of-the-art performance, and also maintains stability under
different viewpoints, illumination changes, and varying resolutions. By fusing global and local features in
an adaptive manner, our method provides discriminative embeddings that remain reliable across diverse
surveillance environments.
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