2670

IEEE SIGNAL PROCESSING LETTERS, VOL. 31, 2024

Diffusion Augmentation and Pose Generation Based
Pre-Training Method for Robust Visible-Infrared
Person Re-Identification
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Abstract—Cross-Modal Visible-Infrared Person Re-
identification (VI-REID) constitutes a vital application for
constructing all-time surveillance systems. However, the current
VI-REID model exhibits significant performance deterioration in
noisy environments. Existing algorithms endeavor to mitigate this
challenge through fine-tuning stages. We contend that, in contrast
to fine-tuning stages, the pre-training phase can effectively exploit
the attributes of extensive unlabeled data, thereby facilitating the
development of a robust VI-REID model. Therefore, in this paper,
we propose a pre-training method for VI-REID based on Diffusion
Augmentation and Pose Generation (DAPG), aiming to enhance the
robustness and recognition rate of VI-REID models in the presence
of damaged scenes. Multiple transfer experiments on the SYSU-
MMO01 and RegDB datasets demonstrate that our method outper-
forms existing self-supervised methods, as evidenced by the results.

Index Terms—Person re-identification, visible-infrared, pre-
training, self-supervised, corruption robustness.

I. INTRODUCTION

ISIBLE-INFRARED Person Re-identification (VI-RelD)

[1] is an image retrieval task across scenes and cameras,
aiming to determine whether a target pedestrian appearing in one
camera can be found in multiple non-overlapping visual regions.
It has been widely applied in constructing all-time surveillance
systems. However, in practical scenarios, the performance of VI-
ReID models suffers severe degradation due to complex noise
present in real-world environments.

Currently, in the realm of person re-identification, there exist
several studies addressing the robustness to image corruption
[2], [3], exemplified by works like CIL [4] and PMWGCN
[5]. These studies typically commence at the fine- tuning stage,
primarily employing data augmentation [3] to simulate the data
distribution present in real-world scenarios, thereby enhancing
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Fig. 1. Recognition rate diagram of AGW [1], CIL [2], PMWGCN [3].

the robustness of model in corrupted settings. However, due
to the limited quantity of data during the fine-tuning stage,
solely relying on data augmentation on the fine-tuning dataset
imposes significant limitations. In fact, methodologies aimed at
enhancing robustness through the fine-tuning stage may result
in a decline in the overall recognition performance of the model.
As shown in Fig. 1, CIL and PMWGCN methods improve the
recognition rate of the model in the corrupted scenario, but
decrease the recognition rate in the clean dataset.

This paper embarks from the perspective of pre-training,
aiming to address the decline of accuracy in damaged noisy envi-
ronments, and to enhance the robustness of model by leveraging
the advantages of large-scale data. We proposed a pre-training
method based on Diffusion Augmented and Pose Generation
(DAPG) to facilitate the learning of damage-invariant feature
representations. Finally, the effectiveness of the proposed algo-
rithm is validated through experiments conducted on datasets
such as SYSU-MMOLI [6] and RegDB [7].

II. METHOD

Our contrastive pre-training algorithm based on DAPG is
illustrated in Fig. 2. It is divided into two main stages: robustness
training and aligning the training objectives of pre-training
and fine-tuning. In the first stage, utilizing our constructed
contrastive diffusion framework, the model is encouraged to
learn noise-resistant capabilities to enhance its robustness. In the
second stage, we align contrastive learning tasks [8], [9], [10],
[11], [12] with person re-identification tasks through pose gen-
eration, mitigating the loss of transferable knowledge resulting
from significant disparities between pre-training and fine-tuning
tasks.
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Fig. 2. Schematic diagram of DAPG.
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Fig. 3. Flowchart of diffusion noise.

A. Robustness Training Based on Diffusion Augmentation

Following the noise definitions in ImageNet-C [13], we com-
pile a noise library consisting of 15 types of algorithmically
generated image corruptions, including motion blur, Gaussian
noise, foggy conditions, snowy conditions, and others.

First, we randomly select an image from the dataset and
generate three positive sample images by data augmentation.
Among them, we randomly select one image as the anchor
image, then randomly select one noise from the noise library,
apply it to the anchor image, and obtain the so-called anchor

noise image  ,, ;.. Then, we apply the second noise on top

of the first noise to generate the second noise image z% ...
Similarly, the third positive sample image adds the third type
of noise on top of the first two fixed noises, resulting in the
third noise image %, .... Based on these three noise images,
combined with the alngix [14] algorithm, we construct the Mix
image. Thus, the creation of positive sample noise groups and
negative sample noise diffusion follows the same logic. Through
this process, this chapter successfully implements the creation of
positive sample noise groups and negative sample noise groups,
with these images being subjected to different levels of noise.
The specific noise diffusion process is illustrated in Fig. 3.

B. Task Alignment Based on Pose Generation

There are significant differences in the training perspectives
between contrastive learning-based pre-training methods and
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visible-infrared person re-identification tasks. Specifically, con-
trastive learning treats multiple augmented views of a single
image as a unique positive sample, thus driving the model to
learn a unique representation for each image. However, the goal
in visible-infrared person re-identification is to distinguish the
identity of people rather than learning a unique representation
for every instance. Therefore, person re-identification tasks ex-
pect images from the same person had similar representations.
Additionally, pose changes [15] introduce noise in person re-
identification task, which is from structural differences, differ-
ences in camera angles and in cross-modal images.

To address the above issues, we propose a pre-training
fine-tuning alignment method based on pose generation. The
pre-training fine-tuning alignment phase occurs after robust-
ness training and before transfer fine-tuning. It aims to al-
leviate knowledge loss during the transfer from contrastive
learning-based pre-training tasks to visible-infrared pedestrian
re-identification tasks, as well as to mitigate structural noise
issues inherent in pedestrian recognition.

In this phase, we introduce the PN-GAN [16] module into the
data augmentation process of contrastive learning to perform
changes in pedestrian poses, thereby correcting the original
objective of learning a unique representation for each image
in contrastive learning, and instead encouraging the model to
learn identity attributes of pedestrian images. Additionally, we
also perform channel enhancement on the modified poses to
address the modality differences between the pre-training and
fine-tuning stages. The input to the PN-GAN model consists
of an original pedestrian image x,,; and a desired target pose
ImMage Ty arg et—pose» While the output is the pedestrian image
Tpose—changed> under the target pose. To ensure the quality
of generation, we choose the Market-1501 [17] dataset with
higher-quality pedestrian images as the pre-training data. During
training, we do not use labels, and we specify four uniform pose
images as the generation targets, as illustrated in Fig. 4.

During the actual training process, we randomly select one
pose from the four target poses as the generation target. Then, we
treat ,,; as the anchor image, @1 arg et —pose as the positive sam-
ple image, and randomly select other samples from the Market-
1501 dataset as negative samples to complete self-supervised
training.

C. Loss Function

The comprehensive loss function is formulated as follows:

_ + -
Ltotal - aLMultiContrastive(X 7X )

+ (1 - a)ConStra‘int(xrlwisw xioisw miﬂm) (1)

Where Lasuiticontrastive represents the contrastive cross-
entropy loss for multiple positive samples, Constraint stands
for the consistency constraint loss, and 0 denotes the weight
coefficients between losses.

In order to accommodate the format of multiple positive sam-
ples, we have modified the traditional contrastive cross-entropy
loss. The modified loss function for multiple positive samples is
represented as follows:

LMultiC’ontrastive =

> explg kit /7)

—log — -
Siieap(a-kit/T) + Zj:11 exp(q -k /7)

@)
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k; " represents the features extracted by the encoder from the
augmented images of positive sample group X, k; represents
the features extracted by the encoder from the augmented im-
ages of positive sample group X ~, 7 denotes the temperature
hyperparameter, which controls the focus of the contrastive loss
on hard samples. Generally, a higher value of 7 indicates a higher
focus of the model on hard negative samples, while excessively
large 7 may reduce the discriminative ability between positive
and negative samples.

We use Jensen-Shannon divergence (JS divergence) to con-
struct consistency constraint loss, primarily aimed at encour-
aging a tighter distribution of similarities among positive sam-
ples. This prevents excessive differences between positive sam-
ples, thus enhancing the stability of the model during training.
The consistency constraint loss is specifically represented as
follows:

. : 1 2 3
COIlStI'alIlt (xnoisev xnoisea Imv'r)
=Js (pg"}wise’pmiuise’px?nm) 3

Wherep,1 isthe probability distribution of augmented im-
ages, calculated using the softmax [ 18] function. JS divergence is
an improved measure of KL divergence, which can quantify the
similarity between multiple probability distributions. The calcu-
lation process of JS divergence is represented as the following
equation:

M= (p:cl y P2 )/3 “

noise’ * Tnoise

1
JS (pxgloise’pacioise7p$?nim) - g (KL(pxl

y Pg3

mix

M)

noise

+KL(psz,,, M) + KL(pgs [M)) 5)

se

III. EXPERIMENTS

A. Datasets and Evaluation Metrics

During the robustness training phase and the pre-training fine-
tuning alignment phase of the training process, we utilize the
LUPerson [19] and Market-1501 [17] datasets for pre-training,
without leveraging the labels from Market-1501. In the testing
phase, we evaluate our model on four datasets: RegDB [7],
SYSU-MMOLI [6], RegDB-C, and SYSU-MMO1-C. RegDB-C
and SYSU-MMO1-C are corrupt versions of the original RegDB
and SYSU-MMO1 datasets, respectively, with added noise while
maintaining a similar data structure.

2: Modal alignment

Task alignment diagram.

LUPerson consists of over 70000 videos obtained from
YouTube by searching for “city name + street view” format.
These videos are then processed using YOLO-VS5 [20] to detect
and crop pedestrian images. The dataset comprises over 20000
unlabelled person images representing more than 200000 pedes-
trian identities. Market-1501 is a dataset collected by Tsinghua
University, containing 32668 visible light pedestrian images
belonging to 1501 pedestrian identities.

RegDB is a small-scale dataset captured by a dual-camera
system, consisting of 8024 images from 412 identities. On
average, each identity has 10 visible light images and 10 infrared
images. SYSU-MMOI, a prominent dataset for cross-modality
pedestrian re-identification, is captured by four visible light cam-
eras and two near-infrared cameras. It comprises 491 pedestrian
identities with 287628 visible light RGB images and 15792
near-infrared images.

B. Experimental Setting

The proposed DAPG method is implemented by Pytorch.
The training process is generally divided into two stages. The
robustness training stage involves training for 300 epochs, while
the pretraining-finetuning alignment stage involves training for
200 epochs. The training process utilizes the Adam [21] op-
timizer for optimization, with an initial learning rate set to
0.0075. According to experience and many experiments, the
hyperparameters 0 and 7 are set to 0.5 and 0.7, respectively.

During the training stage, all images are resized to
256 x 128. Additionally, random cropping, horizontal flipping,
and grayscale conversion are employed as auxiliary augmenta-
tion methods.

C. Comparative Experimental Results

In this section, we conduct tests by transferring pre-trained
models to two representative mainstream visible-infrared person
re-identification downstream tasks, AGW [1] and CIL [4]. The
tests are on clean datasets RegDB and SYSU-MMOI, and on
noisy datasets RegDB-C and SYSU-MMO1-C. We compare the
results with those of common pre-training methods to discuss
the superiority of our algorithm based on DAPG. The compared
pre-training algorithms fall into two categories: supervised and
unsupervised. The supervised algorithms involve models from
[22] and PNL [23], while the unsupervised algorithms include
BYOL [13], SimCLR [11], SSL [24] and VTBR [25]. Addi-
tionally, model in [22], We denote it as IN Sup, is trained on
the ImageNet dataset, we modified it to satisfy the RelD task
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TABLE I
RESULTS OF PRE-TRAINING METHODS ON SYSU-MMO1 AND REGDB

Method Pre-training All-search Indoor-search Visible-to-Thermal Thermal-to-Visible
Method Rank 1 mAP Rank 1 mAP Rank 1 mAP Rank 1 mAP

IN Sup 4541 47.64 50.98 60.45 74.96 69.75 74.95 69.21

PNL 54.94 56.02 57.85 66.92 77.02 71.83 7791 72.47

BYOL 48.23 49.24 52.47 63.58 75.58 70.74 75.74 70.83

CIL SSL 46.18 46.89 52.07 61.53 72.69 68.48 73.28 69.81
VTBR 51.68 53.42 53.06 64.81 77.02 71.18 78.52 70.43

SimCLR 46.78 47.88 51.23 61.85 73.14 68.46 73.89 67.97

Ours 56.67 59.36 59.27 70.76 77.85 71.23 78.95 71.52

IN Sup 47.50 47.65 54.17 63.97 70.05 66.37 70.49 65.90

PNL 55.36 55.45 57.85 66.92 69.75 66.12 69.14 66.59

BYOL 51.14 50.14 55.68 65.14 70.17 66.61 70.37 63.22

AGW SSL 47.21 48.02 52.86 63.76 70.93 68.29 71.56 68.86
VTBR 53.26 52.93 56.52 66.31 73.54 68.75 74.87 69.63

SimCLR 4827 48.28 54.69 63.84 67.49 63.35 68.18 61.67

Ours 56.14 55.03 58.33 69.52 74.26 70.44 76.23 65.85

TABLE II
RESULTS OF PRE-TRAINING METHODS ON SYSU-MMO1-C AND REGDB-C

Method Pre-training All-search Indoor-search Visible-to-Thermal Thermal-to-Visible
Method Rank 1 mAP Rank 1 mAP Rank 1 mAP Rank 1 mAP
IN Sup 36.95 35.92 40.73 48.65 52.55 49.76 67.17 47.90
PNL 43.59 52.75 45.70 54.08 62.73 59.96 70.38 68.49
BYOL 38.01 37.36 42.27 50.22 54.12 50.53 68.24 53.25
CIL SSL 36.92 36.22 40.07 49.16 51.83 50.07 53.24 52.46
VTBR 42.87 43.36 47.02 53.72 62.37 59.46 69.62 62.09

SimCLR 37.39 36.22 41.21 49.08 52.34 49.02 66.43 50.71

Ours 48.36 55.88 49.27 57.21 67.41 60.04 72.17 56.63
IN Sup 34.42 29.99 35.24 41.57 45.44 43.09 67.54 41.37
PNL 44.50 49.47 47.68 54.92 55.28 52.41 64.56 61.74

BYOL 36.28 32.14 33.92 41.07 47.14 44.52 68.75 44.13
AGW SSL 38.07 38.45 39.37 49.76 60.07 58.34 62.21 59.82
VTBR 43.18 46.91 44.05 53.29 63.84 60.29 71.47 63.29
SimCLR 35.74 30.25 42.58 50.27 45.27 42.88 66.21 41.07
Ours 47.63 51.93 45.95 55.40 65.53 55.73 73.16 55.36
and tested it on the SYSU-MMO1 and RegDB datasets, with the TABLE III

results presented in the Tables I and II.

We employ six pre-trained models for each fine-tuning
method to facilitate comparison. Experimental results indicate
that in the All-search mode of SYSU-MMOI, our proposed
method achieves a Rank 1 accuracy 11.26% higher when trans-
ferred to the CIL model compared to supervised pre-training
on ImageNet. Similarly, when transferred to the AGW model,
the Rank 1 accuracy is 8.64% higher. Moreover, in the Visible-
to-Thermal mode of the RegDB dataset, our method achieves
a 2.89% higher Rank 1 accuracy when transferred to the CIL
model compared to supervised pre-training on ImageNet. This
suggests that our pre-training approach enhances the generaliza-
tion ability of model, making it perform better when handling
new, unknown, or challenging data.

Table II present the experimental results of our pre-training
method compared to other pre-training methods on the corrupted
datasets SYSU-MMO1-C and RegDB-C. The experimental re-
sults show that in the All-search mode of the SYSU-MMO01-C
dataset, our pre-training method achieves a Rank 1 recognition
rate 11.41% higher when transferred to the CIL model compared
to its original model pre-trained on ImageNet. The conclusion
can be drawn that even on damaged datasets, our algorithm
maintains superior performance compared to other pre-training
methods, demonstrating its advantage in robustness.

D. Ablation Study

Table III presents the effectiveness of each part of our method
on the corrupted datasets SYSU-MMO1-C. As shown in index
1 and 3 of Table III, our Robust Training Stage provides a solid
baseline for RelD, our contrastive loss can optimize the model’s

ABLATION STUDY RESULTS BASED ON AGW AND TESTED ON SYSU-MMO1-C

Index | Stagel Stage2 L0SSearat All Search Indoor Search
Rank-1 mAP Rank-1 mAP
1 v 33.49 30.62 34.81 34.33
2 v 28.05 26.53 29.67 29.16
3 v v 39.06 42.87 38.81 41.94
4 v v v 47.63 51.93 45.95 55.40

learning performance and enhance its robustness. Moreover,
index 2 and 4 indicate that conducting only the fine-tuning
stage cannot enable the model to achieve satisfactory gener-
alization capabilities. Integrating the first-stage Robust Training
can further improve generalization abilities and robustness of
the model.

IV. CONCLUSION

In this paper, we propose a robust visible-infrared cross-modal
person re-identification pre-training method based on Diffusion
Augmentation and Pose Generation (DAPG). The method is
mainly divided into two stages: the first stage is the robust
training stage, in which we propose a diffusion noise augmen-
tation strategy to enrich the diversity of training noise samples
as much as possible. The second stage is the pre-training-fine-
tuning task alignment stage, which aims to reduce the difference
between pre-training methods and downstream task methods.
To achieve this, we propose a posture-based alignment strategy
in this stage, correcting the objectives of traditional contrastive
learning. Finally, through comparative experiments and abla-
tion experiments on multiple datasets, the effectiveness of the
proposed pre-training method is demonstrated.
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