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Abstract

Person re-identification (Re-ID) is crucial for intelligent
surveillance systems, facilitating the identification of indi-
viduals across multiple camera views. While significant ad-
vancements have been made for daytime scenarios, ensur-
ing reliable Re-ID performance during nighttime remains
a significant challenge. Given the cost and limited acces-
sibility of infrared cameras, we investigate a critical ques-
tion: Can RGB cameras be effectively utilized for accu-
rate Re-ID during nighttime? To address this, we introduce
NightRelD, a large-scale RGB Re-ID dataset collected from
a real-world nighttime surveillance system. NightRelD in-
cludes 1,500 identities and over 53,000 images, capturing di-
verse scenes with complex lighting and adverse weather con-
ditions. This rich dataset provides a valuable benchmark for
advancing nighttime Re-ID research. Moreover, we propose
the Enhancement, Denoising, and Alignment (EDA) frame-
work with two novel modules to enhance nighttime Re-ID
performance. First, an unsupervised /mage Enhancement and
Denoising (IED) method is designed to improve the quality of
nighttime images, preserving critical details while removing
noise without requiring paired ground truth. Second, we in-
troduce Data Distribution Alignment (DDA) through statisti-
cal priors, aligning the distributions between pre-training data
and nighttime data to mitigate domain shift. Extensive exper-
iments on multiple nighttime Re-ID datasets demonstrate the
significance of NightReID and validate the efficacy, flexibil-
ity, and applicability of the EDA framework.

Code — https://github.com/msm8976/NightReID

1 Introduction

Person re-identification (Re-ID) aims to identify a spe-
cific person from a gallery of images captured by non-
overlapping cameras. This task is crucial for applications
such as intelligent surveillance systems and smart cities.
While significant progress has been achieved with datasets
like Market-1501 (Zheng et al. 2015) and MSMT17 (Wei
et al. 2018), alongside methods utilizing CNNs (Sun et al.
2018; Wang et al. 2018; Chen et al. 2019; Ye et al. 2021,
2024b) and Transformers (He et al. 2021; Luo et al. 2021; Li
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Figure 1: Comparison of existing nighttime Re-ID datasets.

et al. 2022; Ye et al. 2024a; Liu, Ye, and Du 2024), these ap-
proaches are predominantly optimized for daytime scenar-
ios. To achieve true robustness, Re-ID systems must perform
reliably under all conditions, including nighttime, when the
incidence of criminal activity is significantly higher. While
infrared cameras can offer improved nighttime visibility,
they fall short in capturing fine-grained details such as color
and texture, which are crucial for accurate Re-ID. Further-
more, the introduction of infrared fill lights not only in-
creases costs but also has limited effectiveness for distant in-
dividuals in outdoor environments, limiting their widespread
deployment and applicability across diverse settings. In con-
trast, RGB (visible) cameras are far more prevalent due
to their affordability and accessibility. These considerations
lead us to a critical question: Can RGB cameras be effec-
tively utilized for accurate Re-ID during nighttime?
Figure 1 illustrates the current landscape of nighttime Re-
ID datasets. SYSU-MMO1 (Wu et al. 2017) and RegDB
(Nguyen et al. 2017) are designed for cross-modal Re-ID,
while KNightReid (Zhang, Yuan, and Wang 2019) consists
of images from infrared cameras at night. These datasets of-
ten feature uniform backgrounds and lack dedicated night-
time RGB images, limiting their utility for RGB-based Re-
ID tasks. Although the Night600 dataset (Lu et al. 2023b) is
a step forward, being the first to focus on nighttime RGB Re-
ID, most images are extremely dark, posing challenges for
both human observers and Re-ID methods to distinguish ac-



curately. Additionally, the dark images in Night600 struggle
to capture the diversity of real-world scenarios, thereby lim-
iting its practical applicability. Thus, How to better capture
high-quality nighttime data using RGB cameras to reflect re-
alistic and diverse real-world scenarios?

Beyond data scarcity, nighttime RGB Re-ID presents
unique challenges. Researchers have explored integrating
low-light image enhancement (LLIE) methods with night-
time Re-ID tasks (Zhang, Yuan, and Wang 2019; Lu et al.
2023b; Du, Du, and Yu 2023). However, Re-ID data typ-
ically consist of low-resolution images of individuals af-
fected by various degradation factors such as lighting,
weather, blur, and noise, while LLIE tasks usually require
high-quality paired data with different exposure durations.
Moreover, LLIE methods focus on producing visually ap-
pealing images, which may inadvertently introduce noise
and compromise the extraction of discriminative features es-
sential for Re-ID tasks. This creates a notable domain gap
between LLIE and Re-ID. Al et al. (2022) found that perfor-
mance in downstream tasks does not always correlate with
enhanced visual quality. Thus, How to design more suitable
image enhancement methods specifically for Re-ID tasks?

Typically, Re-ID methods begin by initializing pre-trained
parameters from ImageNet (Deng et al. 2009), followed
by image normalization after data augmentation, and fea-
ture extraction using a backbone network (Luo et al. 2019).
Recent studies suggest pre-training on large-scale human-
centered datasets (Fu et al. 2021) to minimize the domain
gap between pre-training and target data, thereby enhancing
Re-ID performance (Luo et al. 2021; Chen et al. 2023). This
methodology assumes that the distribution of target data is
similar to the pre-training data, facilitating the effective uti-
lization of learned information. However, nighttime condi-
tions present unique challenges: images captured in low-
light environments tend to be darker, with lower and more
concentrated pixel values compared to general conditions.
This discrepancy in data distribution significantly impacts
performance. Thus, How to better leverage the capabilities
of large-scale pre-trained models on nighttime data?

Recognizing the limitations of the existing datasets, we
introduce NightRelD, a large-scale real-world nighttime
RGB dataset. NightRelD includes 1,500 annotated identities
and 1,096 unlabeled identities, totaling over 53,000 images
captured from six outdoor nighttime RGB cameras. Beyond
its scale, NightRelD offers diverse gallery sets with vary-
ing amounts of testing data and distractors, facilitating com-
prehensive evaluations of Re-ID methods. NightRelD stands
out with its complex illumination conditions, including poor
light, backlight, and overexposure, as well as diverse scenes,
various occlusions, and adverse weather conditions such as
rain and fog. Furthermore, we demonstrate that the cam-
era’s exposure gain enhances the capture of higher-quality
RGB data at night, making it feasible to use nighttime RGB
data for accurate Re-ID. To our best knowledge, NightRelID
is currently the largest and most realistic nighttime Re-ID
dataset, setting a new benchmark for research in this field.

Moreover, we introduce two novel methods specifically
designed for nighttime Re-ID, aimed at bridging the do-
main gap between Re-ID and LLIE tasks, as well as address-
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ing the unique distribution characteristics of nighttime data:
1) A No-reference Image Enhancement and Denoising
(IED) Method. Inspired by the no-reference LLIE method
Zero-DCE (Guo et al. 2020), our approach dynamically ad-
justs the enhancement level based on the image’s brightness
to avoid over-enhancement. Additionally, it reduces noise
while preserving and enhancing details based on noise dis-
tribution priors in a no-reference manner. 2) Data Distribu-
tion Alignment (DDA) through Statistical Priors. Night-
time images often exhibit lower and more concentrated pixel
values, leading to distribution bias compared to general im-
ages. By applying z-score normalization during data load-
ing, we align the data distribution of nighttime datasets with
the pre-training data, utilizing prior statistical information to
increase overall information entropy and ensure consistency.
Finally, we propose a simple multi-branch Enhancement,
Denoising, and Alignment (EDA) framework to leverage
the advantages of both IED and DDA. Without requiring ad-
ditional training data, our approach significantly improves
Re-ID performance on nighttime datasets.
The main contributions are summarized as follows:

e We contribute a large-scale real-world nighttime RGB
Re-ID dataset, which features a richer data scale, var-
ied scenes, complex illumination conditions, diverse
weather, and higher image quality compared to existing
datasets in this domain.

e We propose a no-reference image enhancement and
denoising (IED) method specifically designed for Re-
ID tasks. Our method better controls the enhancement
level and reduces noise while preserving crucial details
through a novel no-reference loss function.

We analyze existing Re-ID methods and propose data
distribution alignment (DDA) in nighttime datasets to re-
duce the distribution gap while preserving information.

Abundant experiments demonstrate the NightRelD
benchmark’s significance and validate EDA’s efficacy,
flexibility, and applicability in nighttime Re-ID.

2 Related Work

Person Re-Identification in Nighttime

Wu et al. (2017) treat nighttime Re-ID as a cross-modal re-
trieval task, referred to as Visible-Infrared Re-ID (VI Re-
ID), which involves matching and retrieving between day-
time RGB and nighttime infrared images. Despite its poten-
tial (Zhang and Wang 2023; Ye et al. 2023; Shi et al. 2023;
Qiu et al. 2024; Shi et al. 2025, 2024), VI Re-ID encoun-
ters challenges in bridging modality gaps and cannot utilize
images captured by commonly used RGB cameras at night.

To address illumination variations across different times,
Huang et al. (2019) propose an illumination-invariant Re-ID
framework combining retinex decomposition with Re-ID.
Zeng et al. (2020) design an illumination-identity disentan-
glement network to preserve identity information while mit-
igating lighting variations. Zhang et al. (2022) reduce illumi-
nation discrepancies by estimating and adjusting the illumi-
nation levels of testing images. Large-scale synthetic Re-ID
datasets like WePerson (Li, Ye, and Du 2021) and FineGPR
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Figure 2: Sample images of the NightReID dataset.

(Xiang et al. 2023) provide various lighting conditions to Dataset | #IDs #Cams #Ni_Imgs Distractors Modality
train more genefahzed mode.:ls. However, these methods }ie- RegDB 412 1 4.120 No RGB-IR
pend on synthetic data, making it difficult to accurately sim- SYSU-MMO1!| 491 6 15.792 No RGB-IR
ulate real-world illumination changes and handle the various KnightReid | 937 3 315,354 No IR
degradation factors present in nighttime images effectively. Night600 600 8 28,813 No RGB
In real nighttime scenes, Zhang et al. (2019) enhance Re- NightReID (1,500 6 53,239 Yes RGB
ID by jointly training a denoising and Re-ID network on an
infrared Re-ID dataset. Lu et al. (2023b) introduce a night- Table 1: Statistics of nighttime Re-ID datasets. #Ni_Imgs in-
time RGB Re-ID dataset and apply an illumination distil- dicates the number of images captured at night.

lation framework to fuse original and enhanced image fea-
tures. While these methods contribute to the advancement
of nighttime Re-ID research, they may not fully retain and 3 The NightRelID Dataset
leverage image information during data collection and train- . L.
ing, which limits their practical deployment. Dataset Description

In this paper, we introduce NightRelD, a large-scale RGB

Low Light Image Enhancement nighttime Re-ID dataset. NightRelID is constructed using six
Low-light image enhancement (LLIE) aims to improve the non-overlapping RGB cameras publicly deployed across a
quality of images captured in poorly illuminated environ- campus, with data collection spanning a total of five nights
ments (Li et al. 2021). Recent deep learning methods have from 7:00 PM to 3:00 AM. The dataset encompasses both
made significant progress in LLIE (Zhang, Zhang, and Guo hlgh-quallty gnd blurreq images, featuring various illumi-
2019; Liu et al. 2021b; Cui et al. 2022; Cai et al. 2023; Yan nation conditions and diverse weather scenarios. These ele-
et al. 2024). However, they require paired ground truth for men.ts.con.tribqte toa righ dataset thgt. accurately represents
training, which is hard to obtain in practice and may exhibit realistic nighttime surveillance conditions.
domain differences with the images needing enhancement. To create NightRelD, we utilized Faster-RCNN (Ren
To overcome this challenge, Jiang et al. (2021) propose et al. 2016) and ECO tracker (Danelljan et al. 2017) for
EnlightenGAN, an unsupervised method using GANs to initial bounding box extraction. We then manually refined
map different illumination spaces, constrained by perceptual the bounding boxes and excluded images that were indistin-
loss. Guo et al. (2020; 2021) employ image-specific curve gulshabllelto human observers to ensure the dataset’s. qugl-
estimation for pixel-level adjustment and learning with no- ity. Additionally, to address privacy concerns, all facial in-
reference loss functions. Zhang et al. (2021b) introduce a formation in the images was blurred. NightReID ultimately
maximum entropy-based retinex model for unsupervised re- comprises 53,239 bounding boxes corresponding to 1,500
enhancement and denoising using noise distribution priors. annotated identities and 1,096 unlabeled identities. Figure
While LLIE methods excel in visual enhancement, there 2 illustrates the diversity of the NightReID dataset, and the
is a significant gap between their domains and objectives statistical comparispn of.nightFime datasetg is shown in Ta-
with downstream computer vision tasks. Consequently, they ble 1. A more detailed discussion of the NightRelD dataset
do not always improve the performance of these tasks con- is provided in the technical appendix.
sistently. Some studies show that LLIE methods enhance
face detection effectively (Li et al. 2021; Liu et al. 2021a), Dataset Features
but noise and inconsistent enhancement intensities may de- NightRelD encompasses five unique characteristics:
grade performance in classification tasks (Al Sobbahi and Large Size with Distractors: NightRelD surpasses existing
Tekli 2022). Lu et al. (2023a) address this by using a shared nighttime datasets in terms of both the number of identities
shallow encoder for Re-ID and LLIE, leveraging both real and images. Additionally, NightRelD introduces a distractor
and synthetic datasets for multi-domain learning. set comprising 11,811 images of 1,096 unlabeled identities,

10521



____________________ =
r The EDA |

I IED Re-ID Framework I

| Sec 4.1 Backbone |

|

I DDA Re-ID ek :

| Sec 4.2 Backbone |

|

I_Sec 4.2 Data Distribution Alignment (DDA)

{ ﬂ Dataset Statistical Priors

~15-1.0-050.0 05 1.0 15
Z-Score Normalization

o

-1.5-1.0-0.50.0 0.5 1.0 1.5

-1.5-1.0-0.50.0 0.5 1.0

D = Meanc
Stdc

-1.5-1.0-0.50.0 0.5 1.0

I
I
I
sl
|
|
|

L5
-

DCE-Net

Param Map

Figure 3: Overview of the Enhancement, Denoising, and Alignment (EDA) framework. The Image Enhancement and Denoising
(IED) module enhances nighttime images and removes noise without reference for Re-ID tasks. The Data Distribution Align-
ment (DDA) module aligns nighttime data more closely with the distribution of pre-training data for richer information.

which consist of bounding boxes without associated identi-
ties. This distractor set enables a comprehensive evaluation
of the effectiveness and robustness of Re-ID methods.
Complex INluminations: NightReID presents diverse il-
lumination conditions across different cameras and even
within subsets from the same camera, including poor light,
backlight, and overexposure. These conditions introduce
degradation factors such as noise and blur.

Different Weather: NightRelD captures images under var-
ious weather conditions such as rain and fog. Rain can blur
the camera lens and cause individuals to use umbrellas, lead-
ing to occlusions and degraded image quality. Foggy con-
ditions result in blurry images, complicating the capture of
detailed information.

Various Occlusions: Suspects may intentionally conceal
themselves behind or alongside others or objects, especially
at night. NightRelID includes numerous images depicting oc-
cluded persons, mirroring real-world scenarios encountered
in Re-ID tasks.

Enhanced Image Quality: During data collection, we uti-
lized ISP-level exposure gain in the cameras to achieve bet-
ter visibility in nighttime scenes. This technique effectively
minimizes information loss due to RGB image quantization,
thereby enhancing image quality and improving the perfor-
mance of downstream tasks without additional costs. More-
over, most RGB cameras in real-world applications can sup-
port this capability, offering crucial color details for Re-ID
that are often lacking in infrared cameras.

Evaluation Protocol

For dataset partitioning, we randomly divide the images
of annotated 1,500 identities into training and testing sets.
Specifically, the training set comprises 500 annotated iden-
tities with 15,514 images, while the complete testing set
consists of 1,000 annotated identities with 25,914 images.
Among the testing set, 528 identities are randomly selected
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as a sub-set to simulate different retrieval scenarios. Ad-
ditionally, 11,811 images from 1,096 unlabeled identities
serve as the distractor set. Therefore, the combination of dif-
ferent testing sets and the inclusion or exclusion of distrac-
tors results in four evaluation protocols, facilitating a com-
prehensive analysis of Re-ID methods across varying data
scales. The query set consists of 10% randomly selected an-
notated identity images from the corresponding testing set.
Considering the diversity and abundance of irrelevant indi-
viduals typically present in real-world surveillance systems,
the evaluation protocol that combines the 528 identities with
the distractors is adopted as the default.

Aligned with established practices for previous datasets,
we utilize the Cumulated Matching Characteristics (CMC)
curve and mean Average Precision (mAP) to evaluate Re-ID
performance, and gallery images from the same camera and
identities as the query will be excluded during testing.

4 Methodology

In this section, we introduce two modules specifically de-
signed for nighttime Re-ID tasks and their integration with
existing methods, forming the Enhancement, Denoising, and
Alignment (EDA) framework. The overall architecture is il-
lustrated in Figure 3.

Image Enhancement and Denoising

Given the complexity of lighting conditions at night, images
often exhibit lower brightness and various degradation fac-
tors, making it challenging to extract discriminative features
compared to daytime images. While numerous LLIE meth-
ods have been developed, most rely on paired ground truth to
train, rendering them unsuitable for integration with Re-ID
tasks. Inspired by a lightweight unsupervised LLIE method
Zero-DCE (Guo et al. 2020), we design an Image Enhance-
ment and Denoising (IED) module to further optimize noise
control and enhancement to better align with Re-ID tasks.



Zero-DCE uses a convolutional network DCE-Net to es-
timate the pixel-wise curve parameters for input images and
adjusts each pixel by applying iterative quadratic curves. It
also introduces four no-reference losses Lspq, Lezps Leols
and Ly, , to collectively optimize the network and assess
the quality of enhanced images. However, due to the lack of
high-quality ground truth data and the constraints of Ly, , on
the brightness gradient relationship, it tends to amplify noise
during enhancement. This enhanced noise can adversely af-
fect downstream tasks (Al Sobbahi and Tekli 2022). To mit-
igate this issue, we incorporate detail extraction after en-
hancement, enabling adaptive pixel-wise blurring or sharp-
ening through a new parameter map from DCE-Net, aimed
at removing noise while preserving details:

TE(L x) = I(x) + G(x)(I(x) = GF(I(x))), (1)
where [ is the enhanced image, « denotes pixel coordinates,
G is a parameter map, and GF represents the Gaussian filter.
The final output of the IED module is denoted as [ E.

Therefore, determining noise levels without reference be-
comes a new challenge. Since noise in nighttime images typ-
ically follows a Poisson distribution and is mutually inde-
pendent, the gradient of details in the smoothed image gen-
erally exceeds that of noise (Zhang et al. 2021b). Based on
this, we use the local normalized gradient of the smoothed
image as weights, leveraging the gradient of the enhanced
image to evaluate detail intensity at each coordinate within
the neighborhood. Regions with low intensity are considered
noise and should be removed, while those with higher inten-
sity are regarded as details that need to be preserved or en-
hanced. By employing a function like x * exp(—Ax), which
exhibits an initial rise followed by a decline, we can approx-
imately separate noise from details. Consequently, we pro-
pose a novel no-reference denoise loss L., as follows:

Laen = (WN([Vigrayl)) o exp(=AWN([VIrayl)), (2)

where Ig;.q, is the grayscale image of the output, V is the
gradient operations in both horizontal and vertical direc-
tions, N (x) denotes the normalization on z, A is set to 10
(Zhang et al. 2021b), W is the weight map, defined as:

W = Nlocal(|vMF(Igray>|), (3)

where MF refers to the mean filter, Nj,cq;(x) is the local
normalization on z. Note that the weight W does not partic-
ipate in gradient propagation during training.

Furthermore, since the exposure control loss L., uni-
formly adjusts the brightness to a well-exposed level, some
extremely low-light images may be over-enhanced and com-
promise features. Therefore, we propose an adaptive ap-
proach to control the enhancement level of each image based
on its brightness and the target exposure level:

I+05
L= 50 I @

where M is the number of local regions of size 16x16,Y is
the average intensity of a local region in the enhanced image,
and [ is the mean intensity value of the input image.

The overall loss function of the IED module is:

‘CIED = )\lﬁspa + )\Q‘Cezp + )\3£col + )\4£th + )\5£den7
Q)

,
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where A1, A2, A3, A4, A5 denote the weights assigned to each
term, which are set to 1, 5, 5, 200, 10 as referenced in (Guo
et al. 2020), respectively.

Data Distribution Alignment

Due to the relatively limited images in Re-ID datasets, ex-
isting methods often initialize the backbone network with
pre-trained weights from large-scale classification datasets
(Luo et al. 2019), which provide the network with essential
feature extraction capabilities. While this approach is gener-
ally effective, it encounters significant challenges when ap-
plied to nighttime datasets, particularly those with extremely
low brightness levels. This is because nighttime images are
typically captured under unbalanced lighting conditions, re-
sulting in pixel values heavily concentrated in lower range,
leading to substantial discrepancies with the data used for
pre-training (Neumann et al. 2019). Consequently, the effec-
tiveness of leveraging pre-trained weights for feature extrac-
tion is diminished. Therefore, aligning the data distribution
of the nighttime dataset with that of the pre-training data can
be expected to enhance performance.

CLAHE (Zuiderveld 1994) redistributes pixel values to
balance image histogram, while Ye et al. (2019) enhance un-
supervised embedding learning via invariant and spreading
instance feature. However, rather than treating each image
or instance independently, our approach focuses on aligning
the overall data distribution of the dataset with pre-training
data, while preserving intra-dataset variations and relation-
ships. Given that mean and standard deviation effectively
capture dataset characteristics, and large-scale datasets are
typically normalized to a standard distribution during pre-
training to maximize information content (measured by en-
tropy), we propose a method called Data Distribution Align-
ment (DDA). DDA leverages statistical priors from the
dataset to perform z-score normalization, transforming the
dataset into a standard distribution. This process not only en-
hances the information content of the dataset but also brings
its data distribution closer to the pre-training data.

Specifically, for a given set of training images, we first
compute the mean and standard deviation of each channel
for each image. Then, we calculate the overall mean and
standard deviation for each channel by averaging these val-
ues across all images:

1 N 1 P;
Meanc = NZE : Iij(:;ce {Ra GaB}v (6)
=1 Jj=1
N Pl
Std, = —Z Z (Iije —Mean.)?,c € {R,G, B},
i=1 j:1
(7

where N is the number of images in the training set, P; de-
notes the number of pixels in each image I;, c refers to the
color channels (R, G, B). Mean and Std correspond to the
mean and standard deviation of the training set, respectively.

During dataset loading, we first augment the images
through resizing, padding, random cropping, and random
horizontal flipping. Then, each channel of the augmented



Method Avenue 528IDs w/ D 528IDsw/oD  1000IDs w/ D 1000IDs w/o D Night600
Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP | Rank-1 mAP
BoT CVPR19 36.3 25.9 41.0 30.4 27.2 19.7 30.2 22.1 11.6 5.5
AGW TPAMI21 43.7 32.0 49.0 37.0 34.8 25.1 37.9 27.8 12.2 6.4
MSINet CVPR23 49.8 35.9 54.4 41.1 39.7 27.8 43.1 34.8 7.8 2.9
HAT MM21 48.1 35.4 54.0 40.7 39.2 28.7 42.8 31.7 16.7 7.9
TransReID ICCV21 55.2 41.0 59.9 46.1 46.0 332 49.1 36.2 9.7 6.5
TransReID-SSL  arXiv21 650 508 704 564 583 432 618 467 | 200 9.5
PFD-Net AAAI22 53.6 39.4 58.7 44.5 44.8 31.9 48.0 34.9 3.9 4.2
DC-Former AAAI23 38.5 26.6 43.0 31.0 29.4 20.5 31.7 23.0 8.5 5.6
CLIP-ReID AAAI23 56.1 43.0 61.3 48.7 493 35.9 52.5 39.4 17.0 8.1
EDA AAAI25 67.6 52.3 72.1 57.6 60.1 44.6 63.3 48.0 23.8 11.6

Table 2: Performance of state-of-the-art universal Re-ID methods on nighttime datasets. The left part shows the four variations
of NightRelD, where IDs denote the number of identities in the testing set, and D refers to distractors. The CNN-based methods
are listed in the upper section, while Transformer-based methods are in the lower section.

images is normalized using the mean and standard devia-
tion calculated from the training set, as described in Eq. 8,
thereby achieving data distribution alignment. Finally, we
introduce standard distribution noise through random eras-
ing (Zhong et al. 2020) before inputing the images into the
backbone network for feature extraction.

D, — Mean,
— e T B
Su. ,c€{R,G, B},

where D A is the dataset D after data distribution alignment.

DA, ®)

Overall Architecture

Since both of our proposed modules are positioned before
feature extraction, they can seamlessly integrate with ex-
isting Re-ID methods. To avoid the mismatch when DDA
applies original statistical priors to align IED-enhanced
images, each module operates independently in separate
branches, with features concatenated during testing, form-
ing the EDA framework. In practical applications, competi-
tive results can be achieved even with a single module within
a single-branch architecture.

The network is optimized by the commonly employed
Lip and L;.; in Re-ID. Specifically, the features extracted
by the backbone are first optimized by the triplet loss
Lyri. After batch normalization through BNNeck (Luo et al.
2019), they are further optimized with the cross-entropy loss
L p calculated by the classifier. For the multi-branch archi-
tecture, features from both branches and their concatenation
are all used to compute the losses and then summed together.
The overall loss function is defined as:

L=Lip+Liri+WiepLikp,

where W;gp is the weight of L;gp.

®

5 Experiment
Datasets

In our experiments, we utilized the proposed NightReID

dataset along with the Night600 dataset (Lu et al. 2023b).
The Night600 dataset contains 600 identities and 28,813

bounding boxes, captured by eight RGB cameras during
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nighttime. The training set comprises 300 identities with
14,462 bounding boxes, while the remaining 300 identi-
ties form the gallery set. Additionally, 2,180 images in the
gallery set are designated as queries.

Implementation Details

For our baseline, we employed TransReID-SSL (Luo et al.
2021) as the backbone, which includes the IBN (Pan et al.
2018) style tokenizer and Transformer (Vaswani et al. 2017)
encoder, and pre-trained on the LUPerson dataset (Fu et al.
2021). Unless specified otherwise, we adhered to the orig-
inal implementation’s configurations. All images were re-
sized to 256x 128 pixels, with a batch size of 64, and the
training process spanned 120 epochs on a single NVIDIA
RTX3090 GPU. We utilized the SGD optimizer with a mo-
mentum of 0.9. The learning rate was set to 0.0004, with a
warm-up of 20 epochs followed by cosine decay. Data dis-
tribution was aligned based on the training set statistics of
each dataset, and the IED module was randomly initialized.

Performance on NightRelID

We evaluated a series of state-of-the-art universal Re-ID
methods published in recent years on the nighttime datasets,
including BoT (Luo et al. 2019), AGW (Ye et al. 2021),
MSINet (Gu et al. 2023), HAT (Zhang et al. 2021a), Tran-
sRelD (He et al. 2021) TransReID-SSL (Luo et al. 2021),
PFD-Net (Wang et al. 2022), DC-Former (Li et al. 2023),
and CLIP-RelID (Li, Sun, and Li 2023). To ensure fair com-
parisons, we employed the official open-source implemen-
tations with default configurations.

As summarized in Table 2, the experimental results high-
light the significant challenges posed by the NightRelD
dataset compared to daytime datasets, leading to lower per-
formance across all methods. Despite these challenges, more
robust backbones and advanced methods show gradual per-
formance improvements. However, methods like PFD-Net
and DC-Former experience performance degradation com-
pared to their baselines due to difficulties in accurate posture
estimation and extracting multiple distinguishable features
from nighttime images. Additionally, the varying amounts of



NightReID Night600
Method ‘ Rank-1  mAP ‘ Rank-1  mAP
IDF 65.6(+0.6)* 50.7(-0.1)* | 17.2(+1.2) 9.2(+0.8)
CENet - - 192(+3.2)V 9.5(+1.D)f
EDA 67.6(+2.6) 52.3(+1.5) | 23.8(+3.8) 11.6(+2.1)

Table 3: Comparison with nighttime RGB Re-ID methods.
* indicate the results are reproduced by authors, and T indi-
cates the performance without additional training data.

Settings NightRelID Night600
BASE DCE IED DDA | R-1 mAP | R-1 mAP
v 65.0 508 | 200 95
v 629 473 | 19.1 8.8
v 67.0 51.7 | 202 94
v 66.1 51.8 | 22.1 10.1
v v 1667 520 | 236 115
v v 66.5 518 | 234 112
v v 67.6 523 | 238 11.6

Table 4: Ablation study of the proposed method. The upper
section presents results from a single branch with one mod-
ule, while the lower section shows results from the complete
multi-branch framework integrating both modules.

identities and distractors in NightRelD provide a more com-
prehensive evaluation of Re-ID methods. For subsequent ex-
periments, we followed the default evaluation protocol in-
volving 528 identities and distractors.

Moreover, the Night600 dataset, with its extremely dark
and low-quality images, presents significant challenges for
Re-ID methods, often leading to convergence issues and
poor performance, thereby limiting its practical applicabil-
ity. In contrast, NightReID captures high-quality RGB im-
ages with exposure gain under similar nighttime, demon-
strating the feasibility of effectively utilizing nighttime RGB
cameras for accurate Re-ID and providing a valuable bench-
mark for evaluating Re-ID methods during nighttime.

Analysis of the EDA Framework

To evaluate the EDA framework, we conducted compara-
tive experiments against two state-of-the-art nighttime Re-
ID methods, IDF (Lu et al. 2023b) and CENet (Lu et al.
2023a), as shown in Table 3. Due to the lack of open-source
code, we referenced the performance of IDF and CENet on
the Night600 dataset from their original papers. Given the
variations in backbones and epochs among different meth-
ods, we also reported improvements relative to the respective
baselines for a fairer comparison. Additionally, we repro-
duced IDF using the same TransReID-SSL backbone as ours
on the NightRelD dataset. The results demonstrate that the
EDA framework achieved significant improvements on both
NightRelID and Night600 datasets, surpassing state-of-the-
art performance. Moreover, EDA showed greater improve-
ments on Night600 compared to NightRelID, which can be
attributed to the significantly darker characteristics of the
Night600 dataset.

10525

Ablation Study

To validate the specific contributions of our proposed mod-
ules and the advancements of the IED module over vanilla
Zero-DCE, we conducted ablation experiments on multi-
ple datasets, as presented in Table 4. The notations BASE,
DCE, IED, and DDA represent the baseline, vanilla Zero-
DCE, IED module, and DDA module, respectively. The re-
sults indicate that the DDA module effectively enhances per-
formance even when applied to a single branch. The IED
module also demonstrates improvements over vanilla Zero-
DCE, although its enhancement effect may vary within a
single branch. In the multi-branch framework, integrating
DDA with the baseline leads to further performance gains.
Moreover, employing DDA and IED in separate branches
achieves the best performance across both datasets.

Visualization

To further validate the effectiveness of our proposed method,
we employed t-SNE (Van der Maaten and Hinton 2008) to
visualize the feature distribution of the NightReID dataset,
as shown in Figure 4. The results indicate that the integration
of our modules leads to more distinct and compact clusters
compared to the baseline, which demonstrates the enhanced
discriminative power in challenging nighttime Re-ID tasks.

¢ ¢
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(a) Baseline (b) Base + IED (c) Base + IED + DDA
Figure 4: T-SNE visualization of the feature distribution for
10 randomly selected annotated identities in the NightReID
dataset. Different colors represent different identities.

6 Conclusion

This paper addresses the critical but underexplored task of
RGB-based nighttime Re-ID by introducing NightRelD, a
novel large-scale nighttime Re-ID dataset that outperforms
existing datasets in both scale and diversity, providing a ro-
bust foundation for further research. Additionally, through
comprehensive analysis of nighttime Re-ID data character-
istics, we propose the Enhancement, Denoising, and Align-
ment (EDA) framework with two specialized modules: the
Image Enhancement and Denoising (IED) module, which
enhances nighttime images without reference, preserving
details while removing noise for improved Re-ID suitabil-
ity; and the Data Distribution Alignment (DDA) module,
which aligns nighttime data with pre-training data via sta-
tistical priors to enhance data utilization and leverage large-
scale pre-trained models. Extensive experiments validate the
efficacy, flexibility, and applicability of our approaches in
nighttime Re-ID. We believe that NightRelD and the EDA
framework will significantly advance research in this field.
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