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Abstract

Cross-Modality  Re-Identification (VT-RelD) aims to
achieve around-the-clock target matching, benefiting from
the strengths of both RGB and infrared (IR) modalities.
However, the field is hindered by limited datasets, par-
ticularly for vehicle VT-RelD, and by challenges such
as modality bias training (MBT), stemming from biased
pre-training on ImageNet. To tackle the above issues,
this paper introduces an dataset benchmark, named
UCM-VelD V2, for vehicle VI-RelD, and proposes a
new self-supervised pre-training method, Cross-Modality
Patch-Mixed Self-supervised Learning (PMSL). UCM-VelD
V2 dataset features a significant increase in data volume,
along with enhancements in multiple aspects. PMSL
addresses MBT by learning modality-invariant features
through Patch-Mixed Image Reconstruction (PMIR) and
Modality Discrimination Adversarial Learning (MDAL),
and enhances discriminability with Modality-Augmented
Contrasting Cluster (MACC). Comprehensive experiments
are carried out to validate the proposed method.

1. Introduction

Cross-modality vehicle re-identification (RelD), also re-
ferred to as vehicle visible-infrared (VI) RelD [22], involves
retrieving a matching vehicle image from a gallery set cap-
tured in the visible (RGB) or infrared (IR) spectrum, given
a query vehicle image in the alternate modality. This pro-
cess, where images are obtained from cameras of differing
modalities, has garnered significant attention in applications
such as video surveillance and public security [1, 28], pri-
marily due to its advantages in enabling continuous, intelli-
gent monitoring across day and night conditions.

Despite its importance, research on vehicle VI-RelD re-
mains relatively underdeveloped. A primary challenge lies
in the lack of essential resources, including a comprehen-
sive large-scale dataset and widely accessible benchmark
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Figure 1. Increments and samples of UCM-VelD V2. (a)(b)(c)(d)
are varies platforms, time periods, weather conditions and loca-
tions for data acquisition, respectively. (e) shows the 4 IDs with
different modalities, view-points and scales samples.

results. Existing remote sensing vehicle RelD datasets,
such as VRAI [31], UAV-VeID [29], VRU [24], and VeRi-
UAV [19], primarily focus on the single RGB modality,
lacking the infrared data necessary for cross-modality anal-
ysis. For this, [22] has introduced the first UAV RGB-IR ve-
hicle RelD dataset, UCM-VelD, to support cross-modality
vehicle RelD research. However, this dataset is constrained
by its single data acquisition platform and limited number of
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identities, reducing its suitability for generalizing to diverse
real-world scenarios. Consequently, developing large-scale
and more diverse vehicle VI-RelID datasets is essential to
advance research and better meet the requirements of prac-
tical applications.

Another key challenge in vehicle VT-RelID development
is the need for further research on VT-RelD methods, par-
ticularly to address the modality bias training (MBT) prob-
lem, which remains under-explored. As introduced by [16],
MBT refers to the modality imbalance that arises when
VT-RelD models are initialized with pre-trained ImageNet
weights [6]. The modality imbalance stems from training on
RGB-exclusive ImageNet data, which skews feature learn-
ing towards the RGB modality and reduces the IR discrim-
ination capability. Moreover, the MBT issue is amplified
in large-scale multi-modal datasets: as shown in Fig. 2,
models initialized with ImageNet pre-trained weights ex-
hibit a performance drop on larger datasets, particularly
in terms of discriminative ability. The potential underly-
ing cause of the above phenomenon is that ImageNet pre-
trained weights perform well when handling infrared data
with lower modality diversity. However, they lack sufficient
generalization ability when faced with larger datasets that
exhibit higher modality diversity, which exacerbates modal-
ity bias and degrades model performance.

To address these challenges, this paper introduces a
more comprehensive dataset for vehicle VI-RelD and a
novel pre-training paradigm called Cross-modality Patch-
mixed Self-supervised Learning (CPSL) to mitigate the
MBT problem. The proposed dataset, UCM-VelD V2,
includes 113,929 RGB images and 51,162 IR images of
3,407 vehicles captured by five cameras. Compared to
UCM-VelD [22], it is significantly expanded across mul-
tiple dimensions, including additional cameras and acqui-
sition platforms, extended capture times, a broader range
of weather conditions, and more diverse shooting scenar-
ios, as illustrated in Fig. 1. For the MBT challenge, in-
spired by [13], CPSL aligns the RGB and IR domains by
incorporating a Patch-Mixed Image Reconstruction (PMIR)
self-supervised task. To further eliminate the modality
bias, CPSL designs a Modality Discrimination Adversarial
Learning (MDAL) strategy to exact modality invariant fea-
tures through an adversarial training manner. In addition,
considering discrimination insufficiency, we introduce the
Modality-Augmented Contrasting Learning (MACL) task,
where patch-mixed images are used as augmented positive
examples for contrastive learning.

In summary, our main contributions are as follows:

e We introduce the UCM-VelD V2 dataset, which signif-
icantly enhances the original UCM-VelD with greater
scale and diversity across multiple dimensions.

e We propose a novel self-supervised paradigm to pre-train
an encoder, replacing the ImageNet-trained ResNet50, to
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(a) Training based on UCM-VelD (b) Training based on UCM-VelD V2

Figure 2. The feature distribution of pre-trained embeddings is vi-
sualized. Panels (a) and (b) show the embeddings in 2D space for
models trained on the UCM-VelD and UCM-VelD V2 datasets,
respectively, with dots and crosses representing different identities
in RGB and IR modalities. The experiment uses the AGW base-
line [37]. As indicated by the red circles in (a), the same-ID sam-
ples are more compact. In contrast, the same-ID samples are more
spread out in (b), which ultimately degrades Re-ID performance.

address the MBT issue.

2. Related Works
2.1. Vehicle Re-ID Datasets

Vehicle Re-ID research has flourished over the past few
years, significantly benefited by the availability of vehicle
Re-ID datasets. The most widely-employed datasets are pri-
marily captured via fixed surveillance cameras, such as Ve-
hicleID [20], VeRI-776 [21], VERI-Wild [23] and Vehicle-
IM [10]. Compared to fixed surveillance, UAV-based cam-
eras offer superior mobility, flexibility, and convenience,
leading to the development of key UAV-based vehicle Re-
ID datasets such as VRAI [31], UAV-VelD [29], VRU [24],
and VeRi-UAV [19]. Furthermore, Liu ef al. [22] have
advanced the first RGB-IR vehicle Re-ID dataset, named
UCM-VelD, to support the research of cross-modality vehi-
cle Re-ID. However, the UCM-VelD dataset exhibits limita-
tions in both size and diversity, highlighting an urgent need
for the further expansion and enrichment of the dataset,
ensuring it remains a potent benchmark for advancing the
frontiers of vehicle Re-ID research in the face of evolving
challenges and complexities.

2.2. Modality Bias Training

The MBT problem is essentially a problem of unbalanced
training. Imbalanced model learning has received extensive
attention in multi-modal learning [15, 32], and great pro-
gresses have been made in VI-RelD [16, 30]. To our best
knowledge, there are two distinct approaches to tackle the
MBT issue. The first approach is to control the training
process, such as learning rate adjusting [15], gradient mod-
ulation [27], and ID-exclusive sampling strategy [16]. The
second approach is to use modal balanced weights rather
than ImageNet pre-trained ResNet50 avoiding MBT prob-
lems from the beginning. Wan et al. [30] devised a self-
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Dataset Venue | Identities | Images | Modalities | Cameras | Platform | Camera View | Target State | Color | Type | Orientation
VRAI ICCV2019 13022 137613 RGB 2 UAV Flexible Move 9 7 —
UAV-VelD ICv2021 4601 41917 RGB 2 UAV Flexible Move — — 4
UCM-VelD | TMM2024 753 29928 RGB/IR 2 UAV Flexible Move& Static 12 9 8
UCM-VelD V2 ours 3407 165091 | RGB/IR 5 UAV Flexible Move& Static 12 9 8

Table 1. Comparisons among other vehicle Re-ID datasets and UCM-VelD V2

supervised pre-training method to obtain a set of new un-
biased weights, which achieves comparable performance to
that of ImageNet-trained ResNet50. The second approach
addresses the MBT problem from the outset by using pre-
trained weights that are modally balanced, instead of re-
lying on subsequent adjustments. In contrast to the first
approach, the second method more fundamentally resolves
the modality bias, offering stronger generalization and more
stable performance. Consequently, we follow the second
approach to carry out the MBT problem.

2.3. Self-Supervised Learning

Self-supervised learning, as a subset of unsupervised learn-
ing, constructs pretext tasks to extract valuable insights
from large-scale unlabeled data, thereby learning represen-
tations beneficial for downstream tasks. Common methods
involve contextual pretext tasks to learn discriminative fea-
tures, such as Word2Vec [25], Jigsaw [26], Rotation [8],
Colorization [38], and MAE [14]. Another prominent ap-
proach, contrastive learning, builds discriminative repre-
sentations by comparing instances within the same feature
space, as seen in methods like MoCo [12] and BYOL [9],
both of which perform well on downstream tasks. Never-
theless, above methods are not specifically tailored for the
Re-ID task, particularly for VI-RelD task. In this paper,
we leverage the consistency of different modalities to con-
struct a patch-mixed image reconstruction self-supervised
task aimed at extracting shared features, thereby mitigating
the modality discrepancy.

3. Benchmark: UCM-VelD V2

To further enhance the UAV cross-modal vehicle re-
identification dataset, we have significantly expanded the
first edition, UCM-VelD [22], by an order of magnitude in
terms of UAV platforms, identities and so on. This section
details the expanded dataset called UCM-VelD V2.

3.1. Dataset Description

(1) Dataset Partition. UCM-VelID V2 comprises a total of
3407 identities with 165091 samples. The dataset is split
into a training set and a test set in an 8 : 2 ratio, resulting
in a training set with 2,693 identities and 131,451 samples,
while the test set contains 674 identities and 33,640 sam-
ples. Furthermore, the query set and gallery set are derived

from the test set. Specifically, one sample is drawn from
each ID within the test set to constitute the query set, while
the remaining samples collectively form the gallery set. It
is worth noting that the extraction process is random, and
crucially, every sample in the query set has a corresponding
sample with the same ID in the gallery set.

(2) Dataset Statistics. To maximize the utility of the
UCM-VelD V2 dataset, we perform a detailed statistical
analysis of its key attributes, providing insights into the data
patterns relevant to Re-ID tasks.

o ID distribution of 5 cameras. Data is collected us-
ing 3 drone platforms equipped with 5 different cameras.
D300, camera captures fewer IDs compared to the other
four cameras, as Fig. 3(a) shown. The D300, camera
captures high-resolution images, primarily focused on
nighttime data, thereby enhancing the dataset’s diversity.

o Distribution of ID samples. Samples are collected from
different camera perspectives, ensuring diversity and am-
ple representation for each ID. As shown in Fig. 3(b),
most IDs have 20-40 samples, providing comprehensive
coverage of target’s appearance across different condi-
tions.

e Distribution of Resolution. As shown in Fig. 3(c), reso-
lutions vary significantly across cameras. For example,
D300;r samples cluster around 10,000-15,000 pixels,
while DM 3P samples are predominantly 45,000-50,000
pixels, highlighting a resolution disparity that presents a
core challenge in UAV-based VT-RelD.

e Energy Distribution of IR Samples. The dataset spans
all seasons and covers a 24-hour period, capturing both
dynamic and static vehicles, leading to diverse infrared
energy levels. Fig. 3(d) reveals that most infrared energy
values are between 80-100, corresponding to moderate
daylight. Extreme conditions, like intense heat or cold,
are less common but contribute to the dataset’s breadth.
(3) Dataset Attributes. Attributes annotation is an in-

tegral part of building reliable, high-performance data sets.

In this dataset, we annotate the below attributes.

e Vehicle Type. Vehicles are classified into categories such
as car, SUV, minibus, MPYV, bus, mini truck, truck, and
pickup. As shown in Fig. 3(e), cars and SUVs make up
the majority, while trucks and pickups are less frequent.
This distribution reflects the urban focus of our data col-
lection, where cars and SUVs are more prevalent.

e Vehicle color. We categorize vehicle colors into thirteen
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Figure 3. The statistics and annotation attributes of UCM-VelD V2 dataset. Notation that, the ’k’ in (c) means the unit of 1000 pixels.

classes, shown in Fig. 3(f), ordered by proportion as fol-
lows: white, black, gray, red, dark gray, cyan, brown,
blue, golden, yellow, others, green, and orange. Despite
some imbalance, this distribution mirrors real-world ve-
hicle color trends.

e Vehicle Orientation. Based on [22] and Fig. 3(h), we de-
fine eight orientation categories. Fig. 3(g) shows that ori-
entations 2, 4, 6, and 8 are most common, a result of the
UAV’s flexible viewing angles. This orientation imbal-
ance highlights the dataset’s realism and the challenges
in UAV-based Re-ID tasks.

3.2. Comparison with Other Datasets

In contrast to other vehicle Re-ID datasets, as detailed in

Tab. 1, our dataset has several unique characteristics:

1. Multi modal information. Compared with RGB-based
datasets, such as VRAI [31], UAV-VelD [29], UCM-
VelD [22] and UCM-VelD V2 integrate both RGB and
IR modalities, facilitating cross-modality vehicle Re-
ID tasks, which holds promise as a viable solution to
achieve round-the-clock vehicle Re-Identification.

2. Flexible viewpoint, scale and orientations. The UCM-
VelD V2 dataset, captured via a drone-mounted cam-
era, offers varied perspectives, scales, and orientations
that differ from fixed-camera datasets like RGBN300
[18] and MSVR310 [40]. This diversity substantially
enriches the dataset, making it a valuable resource for
robust vehicle Re-ID research.

3. Overall enhancement. Compared to UCM-VelD, the
UCM-VelD V2 dataset offers a substantial increase in

data volume and significant improvements in several di-
mensions, including additional cameras and platforms,
extended capture times, a broader variety of weather
conditions, and a wider range of shooting scenarios, as
shown in Fig. 1. These enhancements make it a richer
and more comprehensive dataset, supporting diverse and
robust data-driven research and applications.

4. Proposed pre-training method

4.1. Overall Model Structure.

The proposed pre-training VT-ReID method is illustrated in
Fig. 4. Firstly, style learning and image generation tech-
niques are used to create pairs of RGB and IR images.
Then, we segment these images into patches and randomly
swap patches between different modalities to create two
new patch-mixed images. Finally, the patch-mixed images
are fed into the encoder to complete Patch-Mixed Image Re-
construction (PMIR), Modality Discrimination Adversar-
ial Learning (MDAL) and Modality-Augmented Contrast-
ing Learning (MACL) tasks, where PMIR and MDAL are
adopted to learn modality-invariant features, and MACL is
utilized to enhance ID discriminability.

4.2. Patch-Mixed Unified Embedding

Cross-modality data generation. Given the limited size
of Re-ID dataset, we first train a CycleGAN [41] to gener-
ate cross-modality versions of ImageNet. Specifically, we
use CycleGAN to learn style mapping between RGB and
IR images from the UCM-VelD V2 dataset with a gener-
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Figure 4. Pre-training paradigm, which comprises preprocessing and three self-supervised tasks. Preprocessing involves obtaining paired
RGB and IR images through style learning and image generation, followed by patches segmentation and swapping, PMIR and MDAL then
focus on learning modality-invariant features, while MACL aims to enhance the ID discriminability.

ator G. To avoid data leakage, we use ImageNet dataset
for pre-training. For an input RGB image X5 in the Im-
ageNet, we generate the corresponding IR image as z!R =
G(xR9B). The resulting cross-modality ImageNet dataset is
then {(x}6B, £®)}V | where N is the total number.
Random patch mixture. Our method aims to teach the
backbone to fully leverage the cross-modality information
for modality bias elimination. Therefore, for the data input
aspect, we mixture the RGB and IR image pair in a patch
swapping manner. Mathematically, given a RGB-IR image
pair (zR6B zR), we first establish a patch mask M with
the same size as £RB (zR) that consists of K x K regular
non-overlapping patches. With a predefined mask ratio 7,
|7 x K x K | patches in M are randomly selected following
a uniform distribution and set as all-zeros matrices. In this
paper, we predefined a mask ratio n = 0.75. A higher n
leads to more patch exchanges, increases the difficulty of
the reconstruction task, and enables the model to learn more
shared features. Then, the process of the proposed random

path mixture can be formulated as:
#ROB — RGB o M + 2R o (1 - M) W
R =zRoM+28% 0 (1 - M),

Then, based on the Eq. (1), the cross-modality patch-mixed
unified embeddings are finally achieved as:

fRGB fIR ( RGB)7I;|(QI.R)7 (2)

where F'(-) is the feature extractor and ResNet50 [11] is
employed in this paper. fR58 and fR are the latent embed-
dings of mixed images.

4.3. Self-supervised Multi-task Learning.

With the proposed unified embedding module, we can ac-
quire the latent features containing cross-modality informa-
tion. However, these features can not be directly employed

to the Re-ID task due to modality-bias information and in-
sufficient discriminability [30, 34, 37]. To address above
these issues, we devise three self-supervised tasks.

Patch-Mixed Image Reconstruction. In this task, we
utilize the mixed features, fR°B and fIX, to reconstruct the
input images, X and X, respectively. This approach
is motivated by the inherent advantage of image recon-
struction as a naturally unsupervised learning task, elimi-
nating the need for additional labels and making it suitable
for training large models. Moreover, for RGB image re-
construction, fR® contains minimal RGB information but
abundant IR information, compelling the network to focus
on modality-shared features. The limited RGB information
acts as style information that supports the reconstruction of
the RGB  image. Similarly, for IR image reconstruction, xR
using Z R where the feature contains mostly RGB informa-
tion with only a small amount of IR data, thus also ensuring
the model learns to emphasize cross-modality features ef-
fectively. According to above analysis, the process of patch-
mixed image reconstruction can be formulated as:

&3 = Hrop (f1°°)

3
= Hy(f%), @

where £RCB and IR are the reconstructed RGB and IR im-
1 3

ages. Hygp(-) and Hg(-) are networks for RGB and IR
image reconstruction respectively. Finally, a pixel-wise im-
age reconstruction loss with /3-norm is employed to guide
the reconstruction process as:

N
1 _
fre = 7 2 (125 =i + I —2lFE) . o

Modality Discrimination Adversarial Learning. In
this task, we introduce adversarial training to encourage
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the learned features to be modality-invariant. Specifically,
we employ a discriminator D(-) to distinguish between the
mixed features fROB and fR. Initially, we fix the feature
extractor F' and train the discriminator D to correctly clas-
sify the mixed features based on their corresponding modal-
ity labels. This step ensures that D can accurately distin-
guish between features from different modalities. The ob-
jective for the discriminator D can be formulated as:

Lp = L3N lyilog D(fi) + (1 —y;)log(1 — D(f:))], (5)

where y; is the modality label, f; represents either fRGB
or f}R, and K is the batch size. In the second step, we
fix the discriminator D and update the feature extractor
F' to generate mixed features that the discriminator can-
not distinguish. This step forces the feature extractor to
produce modality-invariant features, effectively minimizing
the modality bias in the learned features. The objective for
the feature extractor F' during this phase is to maximize the
classification error of D as:

Li = —+ 5N [(1—y:)log D(fi) +yilog(1 — D(£))]. (6)

The adversarial training process iterates between these
two steps until the model converges, achieving a balance
where the discriminator D cannot reliably distinguish the
modality of the features generated by F'

Modality-Augmented Contrasting Cluster. In this
task, we focus on enhancing the discriminative power of
the learned features by employing a contrastive learning ap-
proach. Unlike traditional methods that rely on data aug-
mentation to generate negative samples, our approach does
not introduce additional data augmentation but instead uti-
lizes the inherent modality-specific features for contrastive
learning. We treat fRB and fR as positive pairs within the
contrastive learning framework. The contrastive loss func-
tion aims to maximize the similarity between the mixed fea-
tures of different modalities, which can be formulated as:

‘Ccontraqt - N Z

where sim(+, -) denotes a similarity measure (such as cosine
similarity) between features. The loss function encourages
the feature extractor to learn representations that pull to-
gether positive pairs (FRS8 and f®) while pushing apart
other features. By iteratively optimizing this contrastive
loss, the feature extractor F' is guided to produce more dis-
criminative features, thereby improving the overall perfor-
mance of the cross-modal image re-identification task.

In summary, the overall loss function for the entire train-
ing process can be expressed as:

exp (sim(£3%, £1%))
> exp(sim(fROB, fIR))’

(7

‘Call = Erec + (ED + £F) + Econtrasb (8)

5. Experiments

5.1. Implementation and Evaluation Protocols

Pre-training Stage. For pre-training, we implement CPSL
using PyTorch on an NVIDIA RTX A100. Optimization
is conducted with an SGD optimizer (momentum of 0.9,
weight decay of 0.0005), an initial learning rate of 0.1
with linear warm-up, and a cosine decay schedule with-
out restarts. Data augmentation includes random gray-
scaling, horizontal flipping, Gaussian filtering, and interpo-
lation sampling. Images are resized to 256 x 256, and the
mask size [V is set to 4.

Fine-Tuning Stage. For fine-tuning, we implement VT-
ReID models using PyTorch on an NVIDIA GeForce RTX
3090 GPU. Images are resized to 180 x 256. Optimiza-
tion uses an SGD optimizer (momentum of 0.9, weight
decay of 0.0005) with an initial learning rate of 0.1 and
linear warm-up over 80 epochs. The model is initialized
with CPSL checkpoints while other hyper-parameters and
data augmentations remain unchanged, as this setup is not
specifically tuned for CPSL. Further optimization may im-
prove results, which we leave for future work.

Evaluation Protocols. Following [34], we use the cu-
mulative matching characteristic (CMC) curve and mean
average precision (mAP) for evaluation. CMC assesses
rank-k accuracy, with rank-1, rank-10, and rank-20 scores
reported in our experiments. mAP reflects the overall re-
trieval performance across all query samples.

5.2. Comparison with pre-trained weights

To validate the effectiveness of our proposed pre-training
method, we employ three different backbone initialization
strategies during fine-tuning: random initialization (Ran-
dom Init.), initialization with ImageNet pre-trained weights
(ImageNet-1K), and initialization using the proposed pre-
training weights (CPSL). To enhance experimental rigor,
we perform supervised fine-tuning with four state-of-the-art
VT-RelID methods: AGW [37], DDAG [36], MMD-RelD
[17], and DEEN [39].

From Tab. 2, we can observe that the VI-RelD models
trained from scratch generally under-performance, with all
methods failing to converge. The primary cause of the gra-
dient explosion is attributed to the triplet loss, suggesting
that randomly initialized models struggle to establish se-
mantically meaningful Euclidean feature spaces.

Our method CPSL achieves superior results across all
testing and query modes. In contrast to ImageNet-1K pre-
training, we do not rely on additional training data or in-
corporate any supervised training processes. The superior
performance is primarily attributed to the design of our self-
supervised tasks, which account for modality bias and elim-
inate cross-modality differences.

It can also be observed that CPSL consistently improves
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Single-shot Multi-shot

Method Venue Pre-Train IR2RGB RGB2IR IR2RGB RGB2IR
rankl rankl0 mAP | rankl rankl0 mAP | rankl rankl0 mAP | rankl rankl0 mAP
Random Init. | 4.35 18.75 9.38 | 4.89 19.7 929 | 722 2726 482 6.67 26.17 5.53
AGW [37] TPAMI 2021 | ImageNet-1K | 15.75 4598 2574 | 16.17 47.58 26.54 | 20.1  58.12 16.21 | 2045 58.16 183
CPSL 23.47 53.06 33.69 | 25.36 58.54 36.57 | 3191 67.54 24.13 | 32.64 68.07 24.01
Random Init. | 5.22 2281 1148 | 506 2269 11.22| 855 3272 584 7.06 30.05 6.25
DDAG [36] ECCV 2020 | ImageNet-1K | 20.46 48.78 30.12 | 19.46 49.15 29.21 | 27.58 64.75 2028 | 26.69 65.54 22.87
CPSL 2223 50.86 31.99 | 2345 5133 3294 | 3196 6794 21.7 | 31.16 66.58 24.51
Random Init. | 4.34 1527 986 | 492 1853 993 | 599 1937 10.78 | 5.69 2034 10.42
MMD-RelD [17] | BMVC 2021 | TmageNet-1K | 18.93  48.64 28.99 | 19.27 49.14 29.08 | 22.04 55.87 19.64 | 22.96 59.27 31.41
CPSL 2198 51.85 3239 | 22.52 5338 3199 | 2834 62.09 221 |29.04 6285 218
Random Init. | 7.29 31.74 1524 | 6.11 27.06 1329 | 7.88 37.44 748 7.39 3281 7.34
DEEN [39] CVPR 2023 | ImageNet-1K | 18.26  53.01 30.32 | 20.46 56.23 32.09 | 23.83 64.14 22.06 | 22.65 66.61 21.43
CPSL 22.57 59.85 31.09 | 237 59.56 3335|2562 67.52 2344 | 2453 68.63 23.97

* The bold entries represent the best performance in table.

Table 2. Comparisons between the proposed CPSL and some state-of-the-art methods on UCM-VelD V2 datasets.

mAP (%) are demonstrated.

performance across various VT-ReID methods, which in-
dicates that the weights generated by CPSL exhibit strong
robustness and adaptability. This suggests that the CPSL
method is effective in enhancing the generalization capabil-
ities of the models, allowing them to perform well under
different conditions and with diverse Re-ID techniques.

5.3. Comparisons With Other SSL. Methods

We compare CPSL with multiple ResNet50 pre-trained
models on the UCM-VeID V2. The methods involved can
be categorized into four groups: (1) method based on VT-
RelD fine-tuning (MMGL [30]), (2) method based pretext
task design (Jigsaw [26], Rotation [8]), (3) method based on
self-supervised learning (SSL) pre-training (InstDisc [35],
SimCLR [3], SWAV [2], BYOL [9], SimSiam [4], MoCo
V2 [5], DenseCL [33], Relative-Loc[7]).

As shown in Tab. 3, MMGL performs suboptimally. This
is partly because MMGL is tailored for pedestrian targets,
using a top-down human segmentation approach that strug-
gles with vehicles’ variable orientations. Additionally, the
released MMGL weights were fine-tuned on pedestrian VT-
RelD datasets, embedding pedestrian-specific features that
do not generalize well to vehicle targets.

SSL methods share a similar goal with our approach by
aiming to endow the encoder with discriminative capabili-
ties. However, methods such as SwAV [2] and BYOL [9]
perform poorly, as indicated by the stagnant triplet loss dur-
ing fine-tuning, suggesting these methods fail to establish
a meaningful Euclidean space from the outset. Although
some SSL methods outperform those based on pretext task
design, they still underperform compared to CPSL. This is
because they focus solely on target discriminability through

The rank-k (%) and

Method | Rankl | Rankl0 | Rank20 [ mAP
method based on VI-RelD fine-tuning:

MMGL [30] [ 2182 [ 5656 | 6803 | 1614
method based pretext task design:

Jigsaw [26] 21.24 56.77 67.25 15.66
RotationNet [8] 26.62 63.03 72.77 19.32
method based on SSL pre-training:

InstDisc [35] 24.09 62.07 73.16 20.04

SimCLR [3] 12.43 48.57 62.15 11.17

SwWAV [2] 6.57 28.89 40.22 5.17

BYOL [9] 6.89 25.51 36.87 5.17

SimSiam [4] 27.24 65.74 73.13 22.36

MoCo V2 [5] 28.89 67.46 74.98 22.44

DenseCL [33] 27.89 64.99 75.12 22.41

Relative-Loc[7] 18.91 55.79 68.06 15.53
ours 32.64 68.07 76.32 24.01

Table 3. Comparison with other SSL. methods. The rank-k (%)
and mAP (%) are demonstrated.

contrastive learning without addressing modality differ-
ences. In contrast, our PMIR and MDAL modules effec-
tively mitigate cross-modality differences, enabling shared
feature learning.

5.4. Ablation Study

To assess the effectiveness of each component in our
method, we conducted ablation studies on the proposed pre-
training method, removing specific modules while keep-
ing all other experimental settings constant. Our method
includes three key modules: PMIR (R), MDAL (D), and

22292



Single-shot Multi-shot
rankl rankl0 mAP | rankl rankl0 mAP
Random Init. | 4.89 19.7 9.29 6.67 26.17 5.53
ImageNet-1K | 16.17  47.58  26.54 | 2045 58.16 18.3

Method

R 7.64 2693 1221 | 9.33 4272 10.59
R+D 14.63 4957 2246 | 1888 5495 1832
R+C 2249 5548 3034 | 2897 65.16 21.96

R+D+C 2536 58.54 36.57 | 32.64 68.07 24.01

Table 4. The quantitative results of ablation studies. The rank-k
(%) and mAP (%) are demonstrated.

MACL (C). Here, R and D target modality alignment, while
C enhances discriminative representation. The ablation
study results are shown in Tab. 4.

Effectiveness of PMIR. PMIR aims to create a shared
latent representation space for RGB and IR modalities via
reconstruction tasks. As shown in Tab. 4, compare to the re-
sults of Random Init., RANK1 and mAP improve by 2.57%
and 2.92% under the single-shot query mode, indicating
PMIR’s effectiveness in reducing modality discrepancies.

Effectiveness of MDAL. MDAL uses modality adver-
sarial learning to further align modalities. Tab. 4 shows a
RANKI1 and mAP increase of 6.99% and 10.25% under
single-shot query mode, demonstrating that MDAL helps
guide the encoder toward shared feature learning.

Effectiveness of MACL. MACL employs modality con-
trastive learning to enhance feature clustering and discrim-
inative power. As evidenced in Tab. 4, RANK1 and mAP
improve by 7.86% and 7.88% in single-shot query mode,
confirming MACL’s success in learning discriminative fea-
tures for VI-RelD.

P, | 2x2 3x3 4 x4 5%5
rank1 24.66 2732 32.64 29.05
mAP 16.38 20.91 24.01 22.44

Table 5. Different partition stripe numbers P, (N x N). The
rank-k (%) and mAP (%) are demonstrated.

5.5. Parameter Analysis

The partition stripe number P, directly determines the size
of the image blocks to be swapped and is an important hy-
perparameter of our method. To verify the impact of this hy-
perparameter, we conducted experiments with different val-
ues for the partition stripe number, with the relevant results
presented in Tab. 5. From the table, it can be observed that
as the partition stripe number increases, the model’s perfor-
mance initially improves before declining. This is because,
as the partition stripe number increases, the semantic con-
tent within each image block transitions from being more
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Figure 5. Visualization of the pre-learned features. Different col-
ors represent distinct identities, while circle and cross symbols de-
note RGB and IR modalities, respectively. The experiment is con-
ducted on UCM-VelD V2 dataset with the AGW baseline [37].

discrete to becoming sparser. This indicates that in practi-
cal applications, appropriate adjustment of this parameter is
necessary to achieve optimal performance.

5.6. Visualization of the feature distribution

To better understand the proposed pre-training paradigm,
we visualize the t-SNE distributions of features pre-learned
using ImageNet-1K and the CPSL checkpoints on the
UCM-VelID V2 dataset, utilizing AGW [37]. As shown in
Fig. 5, we randomly select 15 identities to visualize all cor-
responding images.

Fig. 5 demonstrates that, the modal gap between PMSL
features is smaller than that between ImageNet features
(highlighted by the red circle). Specifically, PMSL fea-
tures show less variation across modalities, indicating bet-
ter consistency and robustness when processing RGB and
IR images. In contrast, ImageNet-pretrained features ex-
hibit significant modal variation, which can negatively im-
pact performance in VT-RelID tasks. Thus, PMSL not
only eliminates cross-modality discrepancy but also im-
proves the model’s discriminative ability for downstream
tasks, providing stronger support for cross-modal vehicle
re-identification.

6. Conclusion

In this paper, we introduce a novel dataset that expands
existing ones in terms of scale, acquisition platforms, col-
lection scenarios, time, and climate conditions. To address
the MBT problem, we break it into two sub-problems:
modality discrepancy and insufficient discriminability. We
propose an end-to-end cross-modal pre-training framework
to address these issues. To reduce modality discrepancies,
the framework incorporates self-supervised tasks based on
image block swapping and modality adversarial learning.
For enhanced discriminability, we design an unsupervised
clustering-guided multi-modal contrastive learning ap-
proach. Extensive experiments on the new dataset validate
the effectiveness of our method.
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