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Abstract: In recent years, pedestrian re-identification technology has made significant progress, with
various neural network models performing well under normal conditions, such as good weather
and adequate lighting. However, most research has overlooked extreme environments, such as rainy
weather and nighttime. Additionally, the existing pedestrian re-identification datasets predominantly
consist of well-lit images. Although some studies have started to address these issues by proposing
methods for enhancing low-light images to restore their original features, the effectiveness of these
approaches remains limited. We noted that a method based on Retinex theory designed a reflectance
representation learning module aimed at restoring image features as much as possible. However, this
method has so far only been applied in object detection networks. In response to this, we improved the
method and applied it to pedestrian re-identification, proposing a transposed convolution reflectance
decoder (TransConvRefDecoder) to better restore details in low-light images. Extensive experiments
on the Market1501, CUHK03, and MSMT17 datasets demonstrated that our approach delivered
superior performance.

Keywords: pedestrian re-identification; low-light image enhancement; retinex theory; transposed
convolution reflectance decoder

1. Introduction

Pedestrian re-identification (Re-ID) is a crucial task in the fields of computer vision and
intelligent surveillance, aiming to recognize the same individual across different camera
views. However, Re-ID in low-light environments poses significant challenges, due to
insufficient lighting, increased image noise, and color distortion.

In recent years, Re-ID has made significant progress under standard lighting condi-
tions [1–7], thanks to the rapid development of deep learning methods and the availability
of large-scale annotated datasets. However, the performance of the traditional methods and
existing models significantly declines in low-light conditions. This decline is primarily due
to the poor quality of images captured in low-light environments, which makes it difficult
to extract pedestrian details and features. Researchers have proposed various strategies,
including image enhancement, feature extraction, and model optimization, to improve
Re-ID performance in low-light environments.

Image enhancement methods aim to improve the visual quality of low-light images,
typically using image preprocessing techniques such as histogram equalization, image
denoising, and contrast enhancement. In terms of feature extraction, traditional handcrafted
features (e.g., color histograms and histograms of oriented gradients) perform poorly in
low-light conditions. Deep learning models, which learn more robust and semantically
rich features, have shown great potential for low-light Re-ID. For example, convolutional
neural networks (CNNs) can extract multi-level features, including edges, textures, and
high-level semantic information, effectively improving the recognition performance.
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Although the existing image enhancement methods appear effective, they rely on
large amounts of low-light images collected from real-world scenarios, and many methods
require paired images with good and poor lighting for training [8,9]. For low-light Re-
ID, training with low-light images is crucial [10,11]. However, compared to well-lit data,
low-light Re-ID datasets are extremely scarce.

To overcome the limitations posed by the scarcity of low-light datasets, we employed
a zero-shot daytime domain adaptation scheme [12,13]. As shown in Figure 1, the network
can adapt and effectively handle target domain data, even without specific target domain
training data. This allows the Re-ID network to be trained only on well-lit images, enabling
a performance evaluation on low-light images.

Figure 1. Zero-shot day–night domain adaptation without access to domain data and only knowing
the priors of dark scenarios.

In this paper, we propose a novel transposed convolution reflectance decoder (TransCon-
vRefDecoder) based on the retinex theory of image decomposition, which posits that an
image is the product of reflectance and illumination components. Our approach draws
inspiration from the zero-shot daytime domain adaptation network (DAI-Net) [14] used in
object detection. Specifically, we generate low-light images corresponding to well-lit images
using a dark image synthesis network (DarkISP) [10]. These image pairs are then processed
through a feature encoder to obtain feature pairs, with the TransConvRefDecoder produc-
ing illumination-invariant features related to reflectance. Subsequently, only the feature
information from the low-light images is fed into the Re-ID network. Additionally, we use
a pre-trained retinex decomposition network (RetinexNet) to decompose the image pairs
into reflectance and illumination components, applying a special illumination-invariance
strategy for enhancement. Finally, a dual decomposition strategy is employed, where
the reflectance components of the image pairs are swapped after the first decomposition.
The features are then re-encoded and decoded, with a specific loss function introduced to
promote consistency in the decomposition of reflectance components, ensuring that the
learned reflectance components are stable and accurate.

The contributions of this paper are summarized as follows:

• Our work narrows the performance gap in pedestrian re-identification under low-light
conditions, a scenario that is underrepresented in current research.

• We improved the reflectance representation learning module originally applied in the
zero-shot daytime domain adaptation network for object detection and proposed
a transposed convolution reflectance decoder (TransConvRefDecoder) for pedes-
trian re-identification.

• We conducted extensive experiments on multiple datasets to validate the effectiveness of
our proposed method, demonstrating significant improvements over baseline models.
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2. Related Works
2.1. Pedestrian Re-Identification

In recent years, convolutional neural networks (CNNs) have made significant ad-
vancements in pedestrian re-identification. Existing research primarily focuses on re-
identification methods under standard lighting conditions. For instance, Zheng et al. [15]
proposed a CNN-based embedding model to generate compact feature vectors describing
pedestrians. Wu et al. [16] developed an end-to-end neural network model that learns
high-level feature representations and matches them through similarity metrics.

While these methods perform well in well-lit conditions, their performance signif-
icantly degrades under low-light conditions. This decline is primarily due to the poor
quality of low-light images, which makes it challenging to extract pedestrian details. To
address this, Sun et al. [17] proposed the PCB network, which improved upon part-based
pooling strategies, providing a robust CNN-based baseline model that enhances feature
discrimination through a partitioning strategy. Additionally, Li et al. [18] proposed an
attention-aware network that adaptively focuses on key regions in pedestrian images,
enhancing the representational capacity of features. In addition, multi-scale feature fusion
techniques combine features at different scales to improve the model’s ability to handle
variations in pedestrian appearance. However, these existing methods still face limita-
tions when dealing with extreme lighting conditions, such as nighttime or bright sunlight,
especially when data scarcity is a concern.

Moreover, generative adversarial networks (GANs) have also been applied to pedes-
trian re-identification tasks. For example, Qian et al. [19] proposed a pose-normalized GAN
to generate pose-normalized pedestrian images, expanding the available training datasets
and improving re-identification accuracy. However, these methods still face challenges
in low-light scenarios, as they heavily rely on low-light data, which may not always be
available, and cannot fully leverage unpaired data.

2.2. Low-Light Image Enhancement

Deep learning methods based on retinex theory have gained significant attention in
the field of low-light image enhancement. Retinex theory, first proposed by Land and
McCann in 1963, explains how the human visual system perceives color and brightness
under varying lighting conditions. Image enhancement methods based on this theory work
by decomposing an image into its reflectance and illumination components, effectively
enhancing low-light images.

Chen et al. [8] proposed RetinexNet, a classic deep learning model based on retinex
theory, which consists of a decomposition network and an enhancement network. The de-
composition network separates the input low-light image into reflectance and illumination
maps, while the enhancement network adjusts the illumination map to simulate normal
lighting conditions. Although RetinexNet improves the visual quality of low-light images,
it has limitations when applied to pedestrian re-identification, as it primarily focuses on
visual enhancement rather than task-specific feature extraction.

Despite their effectiveness, these enhancement methods rely heavily on large amounts
of real-world low-light image datasets paired with well-lit images for training, which
are difficult to obtain in practice [9]. To overcome the scarcity of low-light data, some re-
searchers have proposed unsupervised zero-shot domain adaptation techniques, allowing
the network to train without access to target domain data [12,13]. These methods use a
physics-inspired low-light image synthesis technique to generate low-light images corre-
sponding to well-lit ones, improving the model performance without requiring paired data.

2.3. Low-Light Pedestrian Re-Identification

Most pedestrian re-identification methods focus on scenarios with good lighting
conditions, paying less attention to re-identification in low-light environments. However,
low-light settings present several challenges, including low illumination, noise interference,
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and the loss of critical appearance information, all of which severely impact the extraction
and matching accuracy of pedestrian features.

To address these challenges, some studies have utilized infrared imaging to capture
unique features of pedestrians. For example, Feng et al. [20] proposed the shape-erased
feature learning (SEFL) method, which addresses cross-modal re-identification by removing
shape information and enhancing texture features. Zhang et al. [21] designed a modality
compensation network (MRCN) that restores and compensates for feature differences be-
tween different imaging modalities, improving feature discrimination through effective
modality fusion. However, these methods depend on infrared images, which are difficult
to obtain. Alternatively, some studies used nighttime images. For instance, Lu et al. [22]
created a nighttime pedestrian dataset and introduced a light distillation mechanism to
enhance images, transferring illumination information from well-lit images to nighttime im-
ages, thereby improving the nighttime re-identification performance. However, nighttime
images are also challenging to collect, further complicating the data acquisition.

3. Methods
3.1. Overview

Due to the degradation in images caused by changes in lighting, the performance of
pedestrian re-identification (Re-ID) decreases. To mitigate the impact of this degradation,
we trained a Re-ID network using well-lit pedestrian images and extended its application
to low-light images. Our proposed framework is illustrated in Figure 2. We utilized the
VGG16 network [23] as the backbone of our Re-ID network. The network’s input consists
of a pair of images: one well-lit image and a corresponding low-light image, generated by a
physics-inspired low-light synthesis module, DarkISP [10]. Simultaneously, this image pair
is also fed into a pre-trained retinex decomposition network to obtain the corresponding
reflectance and illumination maps.

Figure 2. Structure overview of our method.

The introduction of a reflectance map exchange and re-decomposition strategy ac-
celerates the network’s learning of reflectance representations. Notably, we designed a
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specialized decoder for decoding the reflectance maps, which is applied within the Re-ID
network to better learn the reflectance representations.

To improve the model’s adaptability across various lighting conditions, we leverage
prior knowledge from dark scenarios to enhance its robustness. Specifically, dark scenario
priors highlight features that are less affected by lighting variations, such as structural and
textural elements that remain relatively consistent under different lighting conditions. This
decomposition of reflectance and illumination maps helps the model decouple lighting
effects from object features, allowing it to perform effective pedestrian re-identification in
both well-lit and low-light environments. By learning from these dark priors, the model
becomes better equipped to generalize to unseen lighting conditions, as it relies less on
specific lighting environments and focuses more on intrinsic object characteristics.

3.2. Pedestrian Re-Identification Network

In this paper, we propose a novel pedestrian re-identification network, as illustrated
in Figure 2, aimed at improving the accuracy and robustness of Re-ID in low-light environ-
ments. Our network architecture is built upon a deep convolutional neural network and
integrates several components to enhance feature extraction and matching.

3.2.1. Backbone

Given the widespread recognition of VGG16 for its simplicity and efficiency in various
image recognition tasks, we selected it as the backbone of our Re-ID network. The VGG16
architecture was pre-trained on the ImageNet dataset to extract high-level features from
the input images. Notably, we configured the first two convolutional layers of the network
as feature encoders because, in the field of computer vision, image decomposition is
considered a low-level task. These two convolutional layers efficiently encode the low-level
information of the image, laying a solid foundation for subsequent reflectance information
decoding. Additionally, in the final linear layers, we designated the penultimate layer as the
embedding layer to extract a compact and highly discriminative feature vector. This vector
effectively captures the core characteristics of the input image and represents individual
objects efficiently in the feature space.

3.2.2. Reflectance Decoder

According to retinex theory [24], an image I can be decomposed into a reflectance map
R and an illumination map L, such that I = R · L. The reflectance map R represents the
fundamental features of the image, but lacks realism unless augmented with illumination
details such as contrast, shading, and sunlight, provided by L. In low-light Re-ID, the key
challenge is to extract clear reflectance map features from low-light images. Therefore,
we introduced a transposed convolution reflectance decoder (TransConvRefDecoder) to
enhance feature extraction adaptability and performance under low-light conditions.

As shown in the center of Figure 3, this decoder primarily consists of a standard
convolutional layer and a transposed convolutional layer. Compared to the reflectance
map decoder proposed in DAI-Net [14] (Figure 3, left side), our decoder replaces the
traditional upsampling and convolution layer combination with a transposed convolutional
layer. The original decoder used interpolation [25] for upsampling, a method that linearly
adjusts the size of new pixels based on the values of surrounding pixels, following a fixed
algorithm. Since this approach lacks a learning mechanism, it cannot adapt to diverse
data characteristics. In contrast, a transposed convolutional layer is capable of learning the
optimal upsampling method, optimizing its weights through backpropagation to adapt to
specific data features. This enables the network to more effectively learn how to reconstruct
high-resolution reflectance components, which can potentially improve the final image’s
detail and accuracy, significantly enhancing image quality.

Moreover, by incorporating the ABMLP module [26], we developed an attention-
enhanced reflectance decoder (Figure 3, right side). According to our experimental results
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(see Section 4.4), this improvement improved the overall performance of the network to a
certain extent.

Figure 3. Comparison of decoders: on the left is the reflectance decoder before improvement (DAI-
Net [14]), in the middle is the reflectance decoder after improvement, and on the right is the improved
reflectance decoder with ABMLP.

For the proposed TransConvRefDecoder, we designed the comparative experiments
shown in Table 1 to evaluate its performance in terms of parameter count, computational
complexity, and processing time. The results demonstrated that the TransConvRefDecoder,
while maintaining the same parameter count as ReflectanceDecoder, significantly reduced
the GFLOPs, from 2.9 to 2.5, and shortened the processing time, from 2.6 ms to 1.0 ms, indi-
cating a marked improvement in computational efficiency. Furthermore, with the addition
of the ABMLP module, the parameter count increased slightly to 39.2 K, while the computa-
tional complexity remained unchanged, and the processing time only increased marginally
to 1.2 ms. These results suggest that TransConvRefDecoder and its enhanced version not
only maintain a lightweight architecture but also achieve considerable improvements in
inference speed, making them highly practical.

Table 1. Comparison of computational complexity analysis between three decoders.

Decoder Params (K) GFLOPs Time (ms)

ReflectanceDecoder 38.7 2.9 2.6
TransConvRefDecoder 38.7 2.5 1.0

TransConvRefDecoder + ABMLP 39.2 2.5 1.2

3.2.3. Retinex DecomNet

To further enhance and accelerate the process of learning reflectance, we introduced
an additional image decomposition step using the Retinex DecomNet architecture [8].
Throughout the network training, Retinex DecomNet remained frozen and was used solely
for inference. Given an output image pair I1 and I2, Retinex DecomNet processed these
images to generate R1, L1, and R2, L2. Here, I1 and I2 are essentially the same image (with
I2 being a low-light version synthesized from I1, so ideally, the decomposed reflectance
maps R1 and R2 should be identical.

After swapping R1 and R2 (as illustrated in the lower-left corner of Figure 2), new
image pairs I

′
1 and I

′
2 can be synthesized. However, in practice, R1 and R2 are not perfectly

identical, resulting in significant differences between the synthesized image pairs I
′
1 and I

′
2

and the original images. To address this, we reintroduce the synthesized image pairs into
the network’s feature encoding and reflectance decoding modules, applying appropriate
constraints to correct this discrepancy (as outlined in Equation (6)).
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The optimization is performed by calculating the absolute difference between the
reflectance maps obtained after swapping, re-synthesizing, and then re-decomposing them,
and the original reflectance maps. Ideally, if the decomposition network accurately extracts
and separates the reflectance and illumination maps, then after swapping the reflectance
maps, the newly decomposed reflectance map R

′
1 should closely match the original R2,

and R
′
2 should match R1. During network training, this encourages the network to learn

more robust and consistent reflectance representations, thereby improving the overall
performance and stability.

3.3. Training

To accelerate the network’s convergence during training, we employed specific loss
functions designed to optimize the model’s performance. These loss functions were care-
fully crafted and adjusted according to the needs of the different sub-networks and tasks.

For the Re-ID backbone network, we utilized different loss functions in the embedding
layer and the fully connected layer. In the embedding layer, we applied the triplet loss
function [27]. The triplet loss function works by minimizing the distance between the
positive sample and the anchor, while maximizing the distance between the negative
sample and the anchor, thereby enhancing the model’s discriminative capability.

LTriplet =
N

∑
i=1

[∥ f (xa
i )− f

(
xp

i

)
∥2

2 − ∥ f (xa
i )− f (xn

i ) ∥2
2 +α]+ (1)

In this context, xa
i represents the anchor sample, xp

i the positive sample, and xn
i the

negative sample. The embedding function is denoted as f (·), and ∥·∥2 represents the
Euclidean distance. The parameter α is a hyperparameter used to control the margin
between the samples, and [·]+ denotes the positive part of the expression.

For the fully connected layer, we employed the cross-entropy loss function [28]. Cross-
entropy loss measures the difference between the predicted probability distribution and
the actual labels, guiding the model in adjusting its weights to improve the classifica-
tion accuracy.

LCrossEntropy = −
N

∑
i=1

yilog(ŷi) (2)

In this case, yi represents the actual label, and ŷi represents the predicted probability.
For the transposed convolution reflectance decoder, we employed a specialized loss

function to further optimize its performance. This loss function is composed of two
key components: the mean absolute error (MAE) [29] and the structural similarity index
measure (SSIM) [30].

Lref = MAE(R, R′) + (1 − SSIM(R, R′)) (3)

Here, R and R
′

represent the pairs of reflectance maps (e.g., (R1, R
′
2) or (R2, R

′
1))

generated from well-lit and low-light images, respectively, after being decoded twice.
Additionally, to correct the deviation between the reflectance maps obtained from the

decoder and the ground truth reflectance maps, we designed a loss function as described
in [8]. This loss function is composed of three terms: the reconstruction loss Lrecon, the
invariant reflectance loss Lir, and the illumination smoothness loss Lis:

Ldecom = Lrecon + λirLir + λisLis (4)

Lrecon = MSE(I, I′) + (1 − SSIM(I, I′)) (5)

In these equations, MSE stands for mean squared error, and I and I
′

represent the
image pairs (I1, RD

1 · L1) and (I2, RD
2 · L2), respectively.
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For Retinex DecomNet, to minimize the discrepancy between the reflectance maps and
illumination maps obtained from two instances of image decomposition, we optimized the
network by calculating the absolute value difference between the original reflectance maps
and those obtained after exchanging the reflectance maps, recomposing, and decomposing
them again:

Lrc = ∥R′
1 − R2∥1 + ∥R1 − R′

2∥1 (6)

Given all the constraints mentioned above, the overall loss function for the entire
network can be expressed as follows:

L = LCrossEntropy + Ldecom + Lref + λTripletLTriplet + λrcLrc (7)

Here, λTriplet represents the weight for the triplet loss from Equation (1), and λrc
represents the weight for the two-step decomposition loss from Equation (6).

4. Experiments
4.1. Settings

We conducted experiments using three public pedestrian re-identification datasets:
Market1501 [31], CUHK03 [32], and MSMT17 [33]. The detailed information of these
datasets is presented in Table 2. Here, “IDs” represent the number of distinct person IDs in
each dataset; and “Train”, “Query”, and “Gallery” refer to the number of training images,
query images, and gallery images, respectively. The network was trained on the training
set, and after the model had been obtained, the features of the images in the query and
gallery sets were extracted to calculate the similarity, ultimately finding the most similar
image in the gallery for each query.

Table 2. Comprehensive details of the three datasets.

Datasets IDs Train Query Gallery

Market1501 1501 123,936 3368 19,732
CUHK03 1467 7368 1400 5328
MSMT17 4101 32,621 11,659 82,161

We used two pre-trained models in the experiments: one pre-trained on the ImageNet
dataset [34], and the other being the already trained Retinex DecomNet model.

As described in Section 3.3, we used the stochastic gradient descent (SGD) optimizer [35]
with 50 training epochs, a learning rate of 1 × 10−3 , and a batch size of 32. These parameters
were chosen after extensive preliminary experiments, to strike a good balance between
training speed and model convergence.

During training, we carefully tuned the weights of the loss functions to optimize both
the pedestrian re-identification accuracy and the image reconstruction quality. The triplet
loss weight (λTriplet) was set to 0.01 to ensure the model effectively distinguished between
different pedestrian features. The reconstruction loss weight (λrc) was set to 0.001, to
minimize discrepancies between the reflectance maps generated from well-lit and low-light
images. For the invariant reflectance loss (λir) and the illumination smoothness Loss (λis),
we followed the method of Wei et al. [8], setting their values to 0.01 and 0.5, respectively.
Based on prior research, these settings strike a good balance between reconstruction quality
and feature invariance under varying lighting conditions.

All experiments were conducted on a computer equipped with an NVIDIA RTX 3060
GPU. We used the mean average precision (mAP) and Top-N (1, 5, 10) as metrics to ensure
that the model’s performance in practical applications was fully validated.
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4.2. Results

Due to the relative scarcity of research focused on pedestrian re-identification in low-
light environments, to the best of our knowledge, there are few re-identification networks
specifically designed for this purpose. We selected five existing re-identification networks
for comparison experiments, four of which were primarily designed for well-lit images:
BoT [5], ABD-Net [36], AGW [37], and TransReID [38]. The fifth network, IDF [22], was
specifically designed for low-light image processing. It is worth noting that the images
in the Market1501, CUHK03, and MSMT17 datasets were all captured under well-lit
conditions. To evaluate their performance in low-light environments, we applied DarkISP
to simulate low-light conditions for all three datasets. The experimental results are detailed
in Table 3. In the table, red text indicates the best performance, while blue text represents
the second-best performance.

Table 3. Comparison of performance across different methods on Market1501, CUHK03, and
MSMT17 Datasets.

Dataset Methods R-1 R-5 R-10 mAP

Market1501

BoT 51.1 69.8 76.1 26.4
ABD-Net 46.2 65.7 73.6 24.1

AGW 58.9 75.9 81.4 31.5
TransReID 50.8 71.8 77.9 26.7

IDF 55.1 73.9 80.6 31.0
TransConvRefDecoder 74.9 85.9 89.3 21.4

TransConvRefDecoder+ABMLP 75.5 86.9 89.8 22.1

CUHK03

BoT 16.2 36.9 46.4 16.1
ABD-Net 14.7 30.8 41.7 14.2

AGW 11.9 26.9 37.4 12.5
TransReID 6.0 15.8 23.6 6.8

IDF 20.9 40.7 51.0 17.0
TransConvRefDecoder 67.2 84.4 88.6 26.2

TransConvRefDecoder+ABMLP 66.6 83.2 87.8 26.2

MSMT17

BoT 22.2 36.2 42.7 8.1
ABD-Net 36.2 56.1 66.9 10.2

AGW 24.2 35.4 41.0 7.8
TransReID 22.6 35.4 42.5 10.7

IDF 20.8 34.6 41.0 8.5
TransConvRefDecoder 42.2 56.6 62.4 8.1

TransConvRefDecoder+ABMLP 42.4 57.0 61.5 8.2
In the table, red text indicates the best performance, while blue text represents the second-best performance.

Using the Market1501 dataset as an example, we randomly selected an image from the
query set as the query sample, and then used the five existing pedestrian re-identification
networks (BoT, ABD-Net, AGW, TransReID, and IDF) as well as our proposed network to
conduct a matching search in the gallery dataset. The task for each network was to find the
top 10 most similar images to the query image from the large gallery dataset. These images
were ranked in order of similarity, forming a Top-10 list.

In Figure 4, the test results are presented visually, where each row corresponds to
a network model and lists the top 10 most similar images retrieved by that network.
The images with green captions indicate that the network successfully identified images
belonging to the same ID as the query image, signifying accurate results. Images with red
captions indicate that the network failed to correctly identify the images belonging to the
same ID as the query image, thus representing incorrect matches.
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Figure 4. Visual comparison of person re-identification methods: top-10 ranked matches.

4.3. Analysis

The Market1501 dataset contains a variety of pedestrian images and is widely used
to evaluate the performance of pedestrian re-identification (ReID) methods. For this
dataset, the TransConvRefDecoder combined with the ABMLP method showed exceptional
performance, surpassing the other methods in the R-1, R-5, and R-10 metrics. However,
despite its advantage in recognition accuracy, the TransConvRefDecoder and its ABMLP
version had lower mAP scores compared to the other methods. This suggests that, while
the model excels in recognition accuracy, it has room for improvement in terms of overall
precision. This discrepancy may indicate that the model performs well in complex scenarios
but still needs to improve its balance of precision across different situations.

On the CUHK03 dataset, which is characterized by its diverse and complex back-
grounds, the performance of the TransConvRefDecoder was particularly outstanding,
especially for the mAP metric, where it outperformed all other methods. The R-1, R-5, and
R-10 metrics also reflected its strong performance, indicating that the model can better
balance precision and recall, adapting effectively to the varied pedestrian features in the
CUHK03 dataset. However, the introduction of the ABMLP module resulted in a perfor-
mance decline, which may have been due to the module’s inability to effectively enhance
the key feature representation with complex backgrounds, leading to overfitting or blurring
of critical features. Future research could focus on optimizing the ABMLP module to better
leverage its strengths in diverse datasets, thereby improving its feature extraction and
discrimination capabilities.

The MSMT17 dataset, known for its large scale and diverse pedestrian images, poses
even greater challenges. On this dataset, the TransConvRefDecoder combined with the
ABMLP method performed slightly better than the standalone TransConvRefDecoder.
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Due to the large scale of the MSMT17 dataset, both methods performed less effectively
compared to their performance on the Market1501 and CUHK03 datasets. The R-1, R-5,
and R-10 metrics for the TransConvRefDecoder series showed slight improvements, but
the mAP remained relatively low. This indicates that these models are constrained by the
data diversity and background complexity inherent in large-scale datasets like MSMT17.

In summary, the proposed TransConvRefDecoder series modules demonstrated sig-
nificant advantages across multiple datasets, particularly in improving the recognition
accuracy and handling complex scenarios. The TransConvRefDecoder performed excep-
tionally well on the CUHK03 dataset, while the TransConvRefDecoder+ABMLP showed
strong recognition capabilities on the Market1501 dataset. However, both methods also
revealed some shortcomings across different datasets, especially in terms of the average
precision and performance on large-scale datasets. These findings highlight the potential of
the proposed modules in low-light person re-identification and suggest avenues for future
research and improvements.

4.4. Ablation Study
4.4.1. Backbone

To select the most suitable backbone network for optimal performance, we conducted
comparison experiments using VGG16, ResNet18, and EfficientNet, as shown in Table 4. On
both the Market1501 and CUHK03 datasets, the VGG16 model consistently outperformed
the other models across the Rank-1, Rank-5, Rank-10, and mAP metrics. In contrast, the
performance of ResNet18 and EfficientNet was notably lower, with EfficientNet achieving
only 38.9% Rank-1 and 9.8% mAP on the Market1501 dataset. Therefore, we ultimately
chose VGG16 as the backbone, to ensure the best performance.

Table 4. Performance comparison of different backbone networks with TransConvRefDecoder on
Market1501 and CUHK03 datasets.

Dataset Backbone R-1 R-5 R-10 mAP

Market1501
VGG16 + TransConvRefDecoder 74.9 85.9 89.3 21.4

ResNet18 + TransConvRefDecoder 54.7 70.3 75.9 12.6
EfficientNet + TransConvRefDecoder 38.9 60.5 69.1 9.8

CUHK03
VGG16 + TransConvRefDecoder 67.2 84.4 88.6 26.2

ResNet18 + TransConvRefDecoder 51.9 74.1 81.1 21.0
EfficientNet + TransConvRefDecoder 45.6 66.6 78.0 16.6

MSMT17
VGG16 + TransConvRefDecoder 42.2 56.6 62.4 8.1

ResNet18 + TransConvRefDecoder 39.4 51.8 60.9 6.8
EfficientNet + TransConvRefDecoder 37.0 45.6 55.8 5.7

In the table, red text indicates the best performance.

4.4.2. TransConvRefDecoder

To validate the effectiveness of the proposed TransConvRefDecoder module, we con-
ducted extensive ablation experiments, as shown in Table 5. In these experiments, we used
the VGG16 network as the baseline model and compared it with the ReflectanceDecoder
module, which was initially introduced by the object detection network DAI-Net [14]. In the
table, the results highlighted in red indicate the best performance across all configurations,
while the results in blue indicate the second-best performance.

An analysis of the experimental results from the Market1501, CUHK03, and MSMT17
datasets reveals that our proposed TransConvRefDecoder series modules, whether used
alone or combined with ABMLP, consistently outperformed the decoder from [14] across
multiple evaluation metrics. Notably, the TransConvRefDecoder series modules demon-
strated significant improvements and stability in key metrics such as Rank-1, Rank-5,
Rank-10, and mAP.
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These results further validate the generalizability and superiority of the proposed
modules across different datasets and evaluation standards, highlighting their robustness
and effectiveness in enhancing performance in pedestrian re-identification tasks.

4.4.3. Robustness

Additionally, to further evaluate the performance of the models under different light-
ing conditions, we conducted experiments using query images captured in well-lit envi-
ronments. The experimental setup followed the same visualization method as depicted
in Figure 4, with the query images replaced by well-lit ones to test the adaptability of
each model in such conditions. The results are shown in Figure 5. As we can see, with
the exception of our proposed model, the performance of the other models significantly
deteriorated when queried with images under good lighting, demonstrating less-than-ideal
retrieval accuracy. This suggests that many models are sensitive to lighting changes, lacking
the necessary adaptability and robustness.

Figure 5. Visual comparison of person re-identification methods under good lighting conditions:
top-10 ranked matches.

Despite this, our model maintained relatively stable performance under well-lit condi-
tions, showing a high degree of robustness. However, compared to its performance when
directly queried with low-light images, our model also experienced a slight decline in both
accuracy and robustness under good lighting conditions. This is likely because the model’s
architecture and training strategy are more focused on handling feature recovery and
matching in low-light environments. While it still outperformed the other models overall,
its ability to handle fine details may be somewhat diminished in better lighting. Future
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work could aim to further optimize the model’s adaptability, ensuring that it consistently
performs at its best under varying lighting conditions.

Table 5. Ablation study results of performance across different methods on Market1501, CUHK03,
and MSMT17 datasets.

Dataset Methods R-1 R-5 R-10 mAP

Market1501

VGG16 68.6 81.1 84.9 17.0
VGG16 + ReflectanceDecoder 68.9 81.6 85.5 20.5

VGG16 + TransConvRefDecoder 74.9 85.9 89.3 21.4
VGG16 + TransConvRefDecoder + ABMLP 75.5 86.9 89.8 22.1

CUHK03

VGG16 62.6 80.4 85.0 24.7
VGG16 + ReflectanceDecoder 64.4 81.7 87.6 25.3

VGG16 + TransConvRefDecoder 67.2 84.4 88.6 26.2
VGG16 + TransConvRefDecoder + ABMLP 66.6 83.2 87.8 26.2

MSMT17

VGG16 40.4 54.8 60.6 7.6
VGG16 + ReflectanceDecoder 41.9 55.8 61.6 8.1

VGG16 + TransConvRefDecoder 42.2 56.6 62.4 8.1
VGG16 + TransConvRefDecoder + ABMLP 42.4 57.0 61.5 8.2

In the table, red text indicates the best performance, while blue text represents the second-best performance.

5. Conclusions
5.1. Conclusions

To address the challenges posed by the increased image noise, detail loss, and color
distortion in low-light environments, this paper introduced a novel transposed convolu-
tion reflectance decoder (TransConvRefDecoder) based on retinex theory. This decoder
significantly enhances pedestrian re-identification accuracy by restoring detailed features
in low-light images.

The innovation of this work lies in improving a reflectance representation learning
module originally used in the object detection domain and applying it for the first time to
pedestrian re-identification. Specifically, the proposed TransConvRefDecoder replaces the
traditional upsampling and convolution layer combination with transposed convolution
layers, effectively recovering high-resolution reflectance features and improving the image
detail performance and recognition accuracy in low-light conditions. By decomposing the
image into reflectance and illumination components and employing multiple decomposi-
tion and recombination strategies, the model’s adaptability to low-light environments is
further enhanced.

The experimental results demonstrated that the proposed method excelled across
multiple datasets, including the Market1501, CUHK03, and MSMT17 datasets, significantly
outperforming existing baseline models. These findings confirm the effectiveness and
robustness of TransConvRefDecoder in low-light pedestrian re-identification.

In conclusion, this paper not only presents an effective method for low-light pedes-
trian re-identification but also offers new insights and references for future research. As
deep learning technology continues to evolve, pedestrian re-identification in low-light
environments is expected to improve further, playing a more significant role in intelligent
surveillance and public safety.

5.2. Limitations and Future Work

Although this study achieved positive results in pedestrian re-identification under
low-light conditions, some limitations remain. First, while the TransConvRefDecoder
improves feature extraction in low-light settings, its performance is less stable in extremely
low-light or highly variable lighting conditions, indicating the need for further optimization
in handling complex lighting environments.

Additionally, the datasets used in this research, such as Market1501, CUHK03, and
MSMT17, mainly consist of well-lit images, with low-light conditions simulated artificially.
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This limits the model’s real-world applicability, as synthetic low-light images may not
fully capture the complexity of real low-light environments. Acquiring more real-world
low-light data could help in evaluating the model more comprehensively.

Future work could focus on improving the model by incorporating adaptive modules
to better handle different lighting conditions. Another potential direction would be to
explore multi-modal approaches, such as combining infrared and visible light data, to
enhance the model’s robustness in low-light settings. Moreover, semi-supervised or unsu-
pervised learning methods could be employed to make better use of unpaired low-light
data, improving the model’s generalization ability.

Addressing these issues would help to further improve the performance and prac-
tical applicability of pedestrian re-identification models in low-light and other challeng-
ing environments.
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