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ABSTRACT Fast detection of railway engineering targets under low light conditions has always been a
challenging problem. Traditional target detection algorithms are limited by lighting conditions, resulting
in a decrease in target visibility, which in turn affects detection accuracy. To address this issue, this study
proposes a new target detection network for low-light environments (Re-DETR) that enhances the model’s
detection capability for targets under low light conditions by integrating an optimized RetinexNet image
enhancement network and an improved transformer for the image recognition strategy (DETR). Re-DETR
uses RetinexNet for image enhancement to improve image quality and visibility and then inputs the enhanced
images into the DETR algorithm with an added global channel attention (GCA) module for target detection.
The experimental results show that our method can quickly and accurately detect railway engineering targets
in the dark time domain, which has significant advantages over traditional methods.

INDEX TERMS DETR, Retinexnet, Global Channel Attention (GCA), target detection, dark time domain,

railway engineering

I. INTRODUCTION

N today’s society, railway transportation, as an important

means of traffic, plays a crucial role in connecting cities
and promoting economic development. However, with the
continuous expansion of railway networks and increasing
demand for transportation, railway safety issues are becom-
ing increasingly prominent. Among them, fast and accurate
detection of railway engineering targets is crucial to ensuring
railway transportation safety. However, in the dark time do-
main environment, insufficient lighting conditions limit the
visibility of railway engineering targets, posing great chal-
lenges to target detection. In this case, the low accuracy of
target detection affects the efficiency of railway engineering,
leading to transportation delays and ultimately affecting rail-
way safety. The traditional target detection methods based on
manual features and deep learning have limitations in dealing
with railway engineering target detection in dark time domain
environments, making it difficult to effectively solve the cur-
rent problem. Therefore, finding new solutions to improve the
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accuracy of railway engineering target detection is an urgent
task.

To address this issue, this study proposes an RE-DETR net-
work aimed at achieving fast detection of railway engineering
targets in a dark time domain environment. The traditional
DETR [1] achieves end-to-end target detection through a
self-attention mechanism, which can effectively extract target
features and perform correlation. However, its performance
is relatively poor for railway engineering detection in the
dark time domain. Our proposed RE-DETR network further
combines DETR with RetinexNet Enhance-Net to improve
the visibility of targets under insufficient lighting conditions,
thereby improving the accuracy and robustness of target
detection. In addition, the transformer is a nondiscrimina-
tive spatial attention mechanism, which means that while
it weights target features, it also gives weight to noise fea-
tures. Under low-light conditions, there is often considerable
background noise, which can severely affect the detection
performance of the model. Therefore, by using global channel
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attention (GCA) to increase the value of target features and
decrease the value of noise features, the model can effectively
distinguish between target and noise features, alleviating the
problem of noise interference in the detection of buildings in
high-resolution remote sensing imagery. Inspired by this, this
paper introduces a global channel attention (GCA) module,
which calculates the correlation between all channels and
assigns different weights to each channel, enhancing the abil-
ity of the network to learn target features and reducing the
interference of noise features.

The main contributions of this study include the following:

(1) For the dark time-domain conditions in railway mainte-
nance, an improved image enhancement network, RetinexNet
[2], was selected to process low-light images. By introducing
RetinexNet for image enhancement, the improved data have
better contrast and brightness when training the target detec-
tion model, thereby improving the accuracy and stability of
target detection.

(2) By combining the enhanced images with an improved
DETR strategy for low-light target detection, the original
DETR model uses the GCA algorithm and a comprehensive
loss function to increase its adaptability and accuracy in
target detection tasks. Our proposed Re-DETR has achieved
significant effects in low-light target detection tasks, improv-
ing detection accuracy and generalizability and providing an
effective solution for target detection problems in complex
scenarios.

Il. RELATED WORK

With the continuous development of target detection technol-
ogy, it has been applied in more and more scenarios and fields
[3], among which target detection for railway engineering in
dark time domain is a challenging scenario. In this scenario,
the lighting conditions are poor, and the target object may be
occluded or blurred, which brings additional difficulties and
complexity to target detection.

In recent years, significant progress has been made in
both target detection and image enhancement technologies.
The target detection algorithm is continuously optimized and
improved, evolving from traditional region-based methods to
end-to-end detection models based on deep learning, such
as Faster R-CNN, YOLO, SSD, etc. These models have
achieved significant improvements in accuracy and speed,
making target detection more widely used in various ap-
plication scenarios. On the other hand, image enhancement
technology is also constantly evolving. By enhancing the
quality, contrast, clarity, and other aspects of the image, im-
age enhancement technology can improve the visual effect
of the image, which helps to improve the performance and
accuracy of target detection algorithms.Image enhancement
technology plays an important role in many fields, providing
better input data for machine learning algorithms.

In terms of image enhancement, traditional image enhance-
ment methods include techniques such as histogram equaliza-
tion and filters. Mayathevar et al. [4] proposed the histogram
equalization method was introduced for image enhancement.

2

This histogram equalization can enhance the contrast and
brightness of the image, but it can easily lead to excessive
contrast enhancement, which may result in excessive sharp-
ening and make the image look unnatural. Manjon et al. [5]
proposed a Non-local Means Filter for image denoising. This
method reduces noise by searching for similar blocks in the
image and calculating the weighted average of these blocks,
thereby preserving image details. However, its computational
complexity is high, parameter selection is difficult, and edge
blurring is handled. In contrast, image enhancement methods
based on deep learning have more advantages than traditional
methods. For example, Wei et al. [6] proposed a low light
enhancement method based on deep Retinex decomposition.
This method can effectively improve image brightness and
contrast under low light conditions, while preserving detailed
information. A multi-scale Retinex method was proposed in
reference [7] by Huang et al, which is suitable for image
enhancement at different scales. This method can better pre-
serve image details and textures, and improve image quality
when processing images of different scales. Lv et al. [8]
introduced a deep dual Retinex network for low light image
enhancement. This network not only enhances the brightness
of low light images, but also effectively enhances the details
and clarity of the images. Lee et al. [9] improved the deep
Retinex decomposition method to enhance the quality of low
light images. This improved method can produce clearer and
more contrasting images under low light conditions. Zhang
et al. [10] proposed an adaptive multi-scale Retinex method
for image enhancement. This method can automatically select
the appropriate scale based on the features of the image,
improve the contrast and color balance of the image, and
is particularly suitable for processing images under complex
lighting conditions, thereby effectively improving the quality
of the image. Yang et al. [11] proposed an image enhancement
method based on Retinex, which uses adaptive gamma cor-
rection. This method can effectively enhance the brightness
and contrast of the image under low light conditions while
preserving the clarity of detailed information. Cai et al. [12]
proposed a Retinexformer model based on ORF and IGT.

In target detection, traditional methods include Haar fea-
ture cascaded classifier and HOG+SVM. Zhu et al. [13] used
Haar feature and cascaded AdaBoost classifier for target de-
tection, which performs well in face detection but is sensitive
to complex backgrounds and lighting changes, not suitable for
complex scenarios, and requires manual feature design, which
is not flexible enough. Llorca et al. [14] proposed a method
for intelligent detection and classification of infrared images
based on HOG features and SVM classifiers. However, it is
sensitive to changes in target scale and pose, making it diffi-
cult to cope with occlusion and complex backgrounds, requir-
ing manual adjustment of parameters and feature extraction
methods. Therefore, we plan to use target detection networks
from recent years. In recent years, many networks have been
used, including the improved Fast R-CNN proposed by Maity
et al. [15], which achieves more efficient target detection with
targeted and diverse features. Bharati et al. [16] combined
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the Mask R-CNN model of target detection and fusion of
different visual features, which can better predict the bound-
ing boxes of targets. Wang et al. [17] proposed enhancing
the performance of YOLOV2 by adjusting the detection layer
of a single machine network, which can better perform real-
time detection of key railway parts. The Single Shot MultiBox
Detector (SSD) proposed in Kumar et al. [18] achieves fast
target detection by predicting bounding boxes and categories
at multiple scales. The Ghost RetinaNet proposed in reference
[19] has good bounding box regression and localization accu-
racy, and can achieve fast detection. Chen et al. [20] proposed
an improved Cascade-RCNN network that improves target
detection accuracy by simultaneously introducing multi-scale
training. The Transformer-based DETR model mentioned by
Zhu et al. [21] achieves end-to-end target detection, using
attention mechanisms to achieve target detection and cate-
gory prediction. It has good plasticity and accuracy in target
detection. Du et al. [22] mainly delves into state-of-the-art
artificial intelligence (AI) technologies, with a special focus
on pipeline parallelism, data parallelism, and multimodal
learning.

Based on the above research results, we have cho-
sen RetinexNet enhance-net and Transformer-based DETR
model to design a RE-DETR method with high accuracy and
recognition speed to meet the needs of railway operation and
maintenance.

Ill. PROPOSED METHODS

The operation and maintenance of railways is characterized
by dark time domain and a large number of tools, resulting
in large differences in brightness and multiple overlapping
forms in the railway tool dataset, making target detection dif-
ficult. To address this issue, this paper proposes a framework
for railway tool recognition in the dark time domain. Firstly,
the RetinexNet brightness enhance-net is used to enhance
images under various lighting conditions. Subsequently, the
enhanced image is input into the improved DETR target
detection network to obtain accurate detection results. As
is shown in Figure 1, this framework combines brightness
enhancement and target detection techniques, aiming to effec-
tively address the challenges of railway tool datasets, improve
recognition accuracy and robustness.

A. IMAGE ENHANCEMENT MODULE

The maintenance and upkeep of railway equipment in the
field usually requires constant attention, resulting in signif-
icant differences in brightness of the collected tool images. In
response to this challenge, this article proposes an improved
image enhancement framework based on RetinexNet for dark
time domain environment. According to Retinex theory - hu-
man color perception modeling, an image S is considered as
the product of the illumination component / and the reflection
component R. The equation as follows:

S=1I0R (1)
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The reflection component R is a constant part determined
by the inherent properties of the target, while the illumina-
tion component / is the part affected by external lighting, o
represents multiplication. The purpose of image enhancement
can be achieved by removing the influence of lighting or
correcting the illumination component /.

The improved framework can be divided into four steps:

(1) Brightness judgment

Faced with the impact of brightness differences on en-
hancement, we classify images into three categories: dark
images, medium brightness images, and bright images. By
using statistical measures for threshold discrimination, the
brightness type of the image is determined, and different
strategies are used to enhance the image using the improved
RetinexNet. Specifically, brightness adjustment and contrast
enhancement are applied to dark images, color adjustment
and noise removal are applied to medium brightness images,
and exposure control and detail protection are applied to
bright images. This method can better adapt to the brightness
differences of railway tool images in the dark time domain,
thereby improving the accuracy and robustness of target de-
tection.

The brightness judgment formula is as follows:

T = (mz - Tt)/Tz 2)

where my;, is the average brightness of the image at time t,
and 7, is the global average brightness of the expected normal
imageattimet. If T < 7, judged as adark image; If T > 7¢9,
judged as abrightimage; If 7t; < T < Tf9,itis determined as
a medium brightness image. Among them, 7¢ is the threshold
used to determine image brightness. This article determines
T, and the threshold 7¢#; and 775 through experiments. The
most suitable values are 0.8, 0.5, and 0.2, respectively.Below
are examples of three scenarios Figure 2.

(2) Layer Separation

In our railway equipment image processing framework, the
image first passes through a model called Decom-Net, which
consists of 5 convolutional layers with ReLU (excluding the
first and last layers). This model takes low/normal lighting
image pairs as inputs and shares network parameters to obtain
the reflection component Ry, and lighting component 1,
of low lighting images, as well as the reflection component
Ruormar and lighting component 1,5, of normal lighting
images. To optimize this model, we utilized the constraint
relationship between these four components and incorporated
this constraint relationship into the objective function. Specif-
ically, the loss function of the model consists of three parts:
reconstruction loss, reflection component consistency loss,
and lighting component smoothing loss:

L= Lrecon + )\ir‘cir + >\is£i$ (3)

Reconstructing losses yields:

> D

i=low,normal j=low,normal

NjllRi o f; = Sl (4

Erecon =
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FIGURE 1: RE-DETR framework

A B C

FIGURE 2: a is the tool image for dark images, b is the tool
image for medium brightness images, and c is the tool image
for bright images.

The main object of this item is to ensure that the reflection
component R and lighting component / obtained from model
decomposition can accurately reconstruct the details and fea-
tures of the original image as much as possible, thereby im-
proving the overall image reconstruction quality and fidelity.

The consistency loss of reflection components is expressed
as:

['ir = ||Rlow — Ruormat ” 1 (5)

According to Retinex image decomposition theory, the re-
flection component R is independent of lighting, so for paired
low/normal lighting images, their reflection component R
should be kept as consistent as possible.

The smoothing loss of lighting components is expressed as:

Li = Z

i=low,normal

IVI; o exp(—AVR;)|| (6)

In the RetinexNet paper, a hypothesis about the lighting
component / was proposed, which is that the ideal lighting
component should maintain smoothness in texture details and
effectively preserve the overall structure. The implementation
of this assumption is achieved by processing the gradient of
the reflection component R, allocating the information of its

4

gradient map to the illumination component /, to ensure that
the smooth areas in the reflection component R correspond
to the same smoothness in the illumination component /.
The design of this loss function enables the model to better
understand the texture details and overall structure of images
during the learning process, thereby improving the quality of
image decomposition and reconstruction.

(3) Adjusting the model

Regarding the adjustment of R,,,: BM3D algorithm is used
to suppress the amplified noise in Ry,,, and lighting related
strategies are introduced to further optimize the quality of
Rlaw'

Regarding the adjustment of I;,,: Adopting the multi-
scale lighting adjustment network of Enhance-Net, its overall
structure is an encoder-decoder architecture, and multi-scale
connections are introduced. This design enables the network
to capture a wide range of lighting distribution contextual
information, which helps improve its adaptive adjustment
ability.

(4) Reconstruction

The final enhanced image can be obtained by multiplying
the adjusted Rj,,, and I,,,.

Due to the possibility of overexposure for bright images
during image enhancement, which may affect subsequent
target detection, we only used RetinexNet brightness en-
hancement neural network for brightness enhancement and
denoising for dark and medium brightness images, without
performing bright image enhancement processing. Our pro-
cessing flow includes three key steps: brightness separation,
logarithmic transformation, and color restoration.

1. In the step of brightness separation, the image is de-
composed into two parts: brightness and color, so that the
brightness information and color information can be pro-
cessed separately.

2.In the step of logarithmic transformation, the brightness
image is processed to enhance the contrast of the image,
making the image details clearer and more prominent.
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3.In the step of color restoration, the processed brightness
image and color image are resynthesized to generate the final
enhanced image, making the overall effect of the image more
vivid and natural.

Through the above processing flow, image quality and
visual effects can be effectively improved.The renderings are
shown in Figure 3.

-

b d

FIGURE 3: ais the tool image of the dark image, b is the result
of enhanced dark image, c is the tool image of the medium
brightness image, and d is the result of enhanced medium
brightness image.

B. TARGET DETECTION MODULE

To facilitate rapid detection of railway maintenance targets,
this paper has appropriately modified the DETR model to
increase its performance and efficiency in detecting railway
maintenance under dark time-domain conditions. The DETR
model is mainly composed of four parts: the CNN backbone,
the transformer’s encoder, the transformer’s decoder, and the
prediction layer feed-forward network (FFN). To enhance the
adaptability and accuracy of the original DETR model for
target detection tasks, we improved it using the GCA algo-
rithm and a comprehensive loss function. The self-attention
mechanism A of the DETR model usually adopts a fixed fully
connected weight matrix, as follows:

A= XW,(W)" (7)

where X is the input feature matrix and W, and W; are
the weight matrices of the query and key, respectively. How-
ever, this fixed weight matrix may not adapt well to the
relationships and feature representations between different
target objects. Therefore, this paper introduces global channel
attention (GCA) to enhance the features of building targets
and suppress background noise.

Multiscale feature fusion helps to enrich the semantic infor-
mation in the spatial domain, thereby alleviating the problem
of feature information loss. However, in complex scenarios
of high-resolution remote sensing images, there is often a
significant amount of background noise, which may affect
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the model’s detection performance. To address this issue, this
paper introduces a GCA mechanism to enhance the feature
representation of building targets and suppress background
noise. The design details of the GCA mechanism are shown
in Figure 4, and the implementation process is as follows:

1. Input feature map: We denote the input feature map as
X € QHXWXC and obtain a feature vector P € Q1*€ through
adaptive average pooling operation.

2. Feature flattening and relationship matrix: Flatten the
input feature map X and adjust its shape to obtain ¥ €
QOLXC (L = H x W). Then, the feature maps T € QF*€
and S € QFX€ are generated through a linear mapping layer,
followed by matrix multiplication to obtain the relationship
matrix R € Q¢*C, Finally, we exchange the last two dimen-
sions of R to obtain R’.

3. Matrix concatenation and dimension adjustment: con-
catenate the feature vector P € Q%€ the relationship matrix
R € Q%€ and R € Q%€ in the -2 dimension to obtain the
matrix Z € Q(¢+1)xC Next, adjust its dimensions to form a
new matrix Z € QC*(2C+1),

4. Linear transformation and output generation: Process
the obtained Z through a linear layer and apply a sigmoid
activation function to generate Z € Q€*(2C+1)_ Finally,
matrix multiply Z’with the input feature map X to output the
enhanced feature map X’ € Qf*WxC,

Through these steps, the Global Channel Attention mech-
anism effectively improves the extraction capability of build-
ing features and reduces the adverse impact of complex back-
grounds on model performance. For the selection of hyper-
parameters, we set the number of channels compressed to
C’=C/4, the learning rate to le3, the batch size to 16, and
the activation function type to Sigmoid.

C. IMPROVED LOSS FUNCTION

The bounding box loss function in the DETR model is calcu-
lated via a combination of the Generalized Intersection over
Union (GloU) and L1 loss, as shown in Equation 8:

Lyox (bis by(iy) = MovLarou (bi, byiy) + Ar1Lea (bi, bygy) (8)

In this formula, )\, and A.; represent the weight coeffi-
cients for the GIoU and L1 loss, respectively. The variable b;
denotes the coordinates of the ground truth bounding box for
the i, target to be detected, while BS( i) refers to the coordinates
of the predicted bounding box associated with the s(i), pre-
diction for the iy, target. L,y and Ly are the loss functions
for GIoU and L1, respectively, where the specific forms of
the GloU loss are detailed in Equation 9 and Equation 10:

bNbe
oU(b,6%) = ©)
—(bUb”
toU (b, by — S EYP) 1y 2
result = ¢ o (10)
_]_ + M710U = 0
5
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FIGURE 4: The design details of the global channel attention mechanism.

The GloU is a distance metric used to evaluate the degree
of overlap between bounding boxes, with a value range of
(-1,1]. In this metric, ¢ represents the area of the smallest
enclosing area introduced due to attention to nonoverlapping
regions, and b U b* represents the overlap between the pre-
dicted box and the true box. Although the GIoU can more ac-
curately reflect the overlap between two objects than the loU
can, it also has several shortcomings: in special cases where
there is a containment relationship between the predicted box
and the true box, the loss values calculated by the GloU
and loU are the same, making it difficult to determined their
relative positional relationships effectively. This situation can
slow the convergence of bounding box regression, thereby
significantly extending the training time and failing to achieve
effective bounding box regression.

To address this issue, the CloU (complete intersection
over union) introduces the ratio of the diagonal distance to
the centre point distance, thereby improving the convergence
problem of the GIoU when there is a containment relationship
between the predict ed box and the true box. At the same time,
the CloU also considers the aspect ratio of the predicted box
and the true box, making it more accurate in reflecting their
overlap. The specific form of the CloU loss function is shown
in Equations 11 to 13:

4 w'! w.]?
v=3 arctan e —arctan(ﬁ) (11)

v
- 12
T A 10U®, b)) + v (12)
2(b, b
LCI()U =1- IOU(b, bgt) + % + av (13)

In the context of the CloU loss function, w8, h8', w, h
represent the width and height of the ground-truth bounding
box, respectively, while m(b, b%") represents the Euclidean
distance between the centers of the predicted bounding box
and the target box. The improved bounding box loss function
for the DETR model is shown in Equation 14.

6

Liox (bi,bs(l-)) = MouLciou (bi,bs(i)) + ALl (bi;bs((iiz)

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. EXPERIMENTAL PREPARATION

Given the scarcity of railway engineering datasets, this study
constructed a construction tool dataset using the data col-
lected by the railway system, which includes 351 images.
To build the label, we used the Labellmage tool. The label
covers a variety of construction tools, such as carts, motors,
brooms, electric drills, wires, water pipes, woven bags, tool
kits, buckets, blowers, tape measures, shovels, sand buckets,
sanders, plastic buckets, and cement buckets, of which 16 are
the most commonly used detection targets. The unique feature
of this dataset is that all the images are sourced from onsite
construction scenarios, reflecting real and complex data sce-
narios, so there is no need for further dataset expansion.

To effectively utilize this dataset, we divided the dataset
images into training and testing sets at a 7:3 ratio and selected
30% of the images from the training set as the validation
set. This partitioning method helps maintain the diversity
and representativeness of the dataset while also ensuring that
the model has sufficient generalization ability during training
and testing. Through such data preparation work, we laid a
solid foundation for subsequent model training and evalua-
tion, with the aim of achieving satisfactory results in target
detection tasks in railway engineering.

The experimental environment: The operating system is
based on Windows 10 Professional Edition 64 bit (10.0, in-
ternal version 19045), the graphics card is NVIDIA GeForce
RTX 3060, the system model is ASUS TUF Gaming A15
FA506QM_FA506QM, the processor is AMD Ryen 7 5800H
with Radeon Graphics (16 CPUs), 3.2GHz, the memory is
16GB, and the deep learning framework based on Python is
used.
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B. EVALUATION INDICATORS

Our evaluation indicators were average precision (AP) and
mean average precision (mAP). AP iis acommonly used eval-
uation indicator in target detection tasks and represents the
average precision value at different intersection over union
IoU thresholds; it can reflect the performance of the detector
at different thresholds. The formula is as follows:

1
AP = / p(r)dr (15)
0

The AP is the area under the accuracy curve at different
recall rates, representing the average accuracy of the detector
at different recall rates. The mAP is the average AP for
multiple categories and is a commonly used comprehensive
evaluation indicator in target detection tasks. The formula is
as follows:

(AP, + APy + ... + AP,)
n

mAP =

(16)

The mAP is an important evaluation indicator used to
comprehensively evaluate the performance of target detectors
in multiple categories and can comprehensively evaluate the
accuracy and stability of target detection models in different
categories. By comprehensively considering the AP and mAP,
the performance of target detection models in different sce-
narios can be comprehensively evaluated. Usually, the larger
the AP and mAP values are, the better, and they are important
references for model optimization and improvement.

C. ANALYSIS OF EXPERIMENTAL RESULTS

During the training process of RE-DETR, the loss curve of
the model is shown below.The loss curve tends to stabilize as
the number of training rounds increases. When the number of
epochs is approximately 80, the RE-DETR model gradually
converges, and no fitting phenomenon occurs during this
training process.

16.00
train loss

14.00
val loss
12.00
= = = - smooth train loss
10.00 \
W - = = - smooth val loss
8.00

Loss
77

6.00 VoI N\

4.00 S -
2.00 - St e—-
0.00

Epoch

FIGURE 5: Changes in loss values of the RE-DETR model,
where training loss refers to the error or loss value calcu-
lated during the training phase of a machine learning model.
Smoothing training loss involves applying a smoothing tech-
nique to loss values over multiple training iterations or epochs
to reduce fluctuations and provide a clearer trend of model
performance over time.
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To verify the performance of the RE-DETR model for
dark time-domain tool detection, this paper designs a set of
ablation experiments and comparative experiments for the
model. We verify the impact of different improvements on
network performance through ablation experiments and then
conduct comparative experiments with current mainstream
networks ( DETR, YOLOVS5, YOLOX, and RYOLO ) through
RE-DETR. On the basis of the experimental results, we com-
prehensively analyse the performance of the model.

1) Ablation experiment

To analyze the impact of the improvements made in this
article on model performance, three sets of experiments are
designed to analyze different improvements. Each experiment
is tested on the same training parameters and different model
contents. The performance test results of the model are shown
in Table 1. Compared with the first and second rows in Table
1, the addition of an improved Retinexnet image enhancement
module to the original DERT improved the model’s detection
ability for full time domain images, with a mAP increase of
0.92%. Comparing the experimental results in the second and
third rows, after adding Retinexnet and modifying the loss
function to CloU, mAP increased by 1.84% again. Continuing
to compare the experimental results in the third and fourth
rows, adding a lightweight attention module can improve inter
channel communication ability while weakening the impact
of noise on deep networks, resulting in a 0.97% increase in
mAP. This indicates the effectiveness and rationality of the
improved model in this article. Figure 6 shows a schematic
diagram of the detection effect of the DETR model before
and after the improvement.

To analyse the impact of the improvements made in this
study on model performance, three sets of experiments are
designed to analyse different improvements. Each experiment
is tested on the same training parameters and different model
contents. The performance test results of the model are shown
in Table 1. Compared with the first and second rows in Table
1, the addition of an improved RetinexNet image enhance-
ment module to the original DERT improved the model’s
detection ability for full time domain images, with an mAP
increase of 0.97%. Comparing the experimental results in the
second and third rows, after adding RetinexNet and modi-
fying the loss function to the CloU, the mAP increased by
1.81%. While continuing to compare the experimental results
in the third and fourth rows, adding a lightweight attention
module can improve the interchannel communication abil-
ity while weakening the impact of noise on deep networks,
resulting in a 0.97% increase in mAP. This indicates the
effectiveness and rationality of the improved model in this
study.

2) Model performance comparison experiment

To better test and verify the detection performance of the RE-
DETR model, a comparative experiment is conducted with
current mainstream detection models. The comparative test
results of various railway engineering tool detection methods
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TABLE 1: Experimental results of different improvement
methods

method mAP FPS
DETR 73.61%  29.28
DETR+Retinexnet 74.53%  30.18
DETR+Retinexnet+Clou 76.37%  33.62
DETR+Retinexnet+CloU+Adaptive attention mechanism  77.34%  32.43

(c) (d)

FIGURE 6: Schematic Diagram of Detection Performance
Before and After Improvement in DETR Model. (a) Detection
effect of the original DETR under low brightness conditions.
(b) Detection effect of the Re-DETR under low brightness
conditions. (c) Detection effect of the original DETR under
medium brightness conditions. (d) Detection effect of the Re-
DETR under medium brightness conditions.

are shown in Table 2. The mAP value of the RE-DETR model
reaches 78.62%, which is 3.34% higher than that of the orig-
inal DETR algorithm. According to the table, the AP values
of plastic buckets, motors, electric drills, polishing machines,
and woven bags improved to varying degrees compared with
those of the original DETR algorithm, showing that the im-
proved model achieves better detection performance than
other mainstream target detection models (YOLOX, Reti-
naNet, YOLOVY). In particular, in terms of tool detection in
the dark time domain, RE-DETR has significant advantages.
While ensuring high-precision target detection, the FPS of the
model itself does not significantly decrease, and it still has
certain advantages in terms of detection speed compared with
mainstream models.

TABLE 2: Performance comparison of mainstream target
detection models

Model AP(1oU=0.6) mAP FPS
Plastic Electric ~ Polishing ~ Woven
bucket MO iy machine bag
Retinanet ~ 0.97 0.89 0.67 0.14 0.55 71.02  23.67
YOLOVS  0.65 0.91 0.34 0.04 0.53 68.37  41.37
YOLOVS  0.88 0.91 0.66 0.53 0.45 74.16  34.26
RYOLO 0.99 0.92 0.75 0.61 0.57 7726 3225
DETR 0.81 0.91 0.72 0.61 0.49 73.61  29.28
RE-DETR  0.99 0.95 0.84 0.73 0.67 7734 3243

According to the data in Table 2, the improved DETR
model significantly outperforms other traditional object de-
tection models, such as the YOLO series and Faster-RCNN,
in the multitarget detection scenario of railway maintenance
sites. Moreover, compared with the original DETR model, the
improved DETR model achieves higher detection accuracy.
Figure 7 illustrates the detection effect of the improved DETR
model. In Figures a to e, we compare the detection results of
our network with those of YOLOVS5, YOLOVSE, RYOLO, and
DETR under medium and low brightness environments. Row
a presents the test results for YOLOVS, row b for YOLOVS,
row ¢ for RYOLO, row d for DETR, and row e for RE-
DETR. Comparing the first column of images, we can see
that the detection results of RE-DETR are significantly better
than those of the original DETR and outperform the other
three networks as well. In the second column, RE-DETR
shows the best detection performance, successfully detecting
six targets with high precision. While YOLOVS detects the
same number of targets as RE-DETR, RE-DETR achieves
better accuracy. In the third column comparison, it is noted
that only YOLOVS and RE-DETR detect the same number
of targets. The original low-light image processed by the RE-
DETR network shows some distortion due to the excessively
dark environment; however, in terms of both the number of
detected targets and detection accuracy, it still surpasses the
other four networks. In the fourth column, it is observed
that under complex overlapping conditions, the detection
counts for YOLOVS5, YOLOVS, and RE-DETR are all eight,
while RYOLO detects nine targets. In terms of accuracy,
both YOLOVS and RE-DETR perform better. Overall, RE-
DETR demonstrates a higher detection capability in low-light
environments compared to the other four networks.

V. CONCLUSION

This article proposes an RE-DETR tool detection model to
address the inability of existing target detection models to
detect railway engineering tools efficiently in the dark time
domain. The model, which is based on the DETR framework,
incorporates an improved RetinexNet image enhancement
module, introduces a global channel attention mechanism
in DETR, and utilizes a comprehensive loss function. The
main goal in the future is to further improve the recognition
accuracy of the model and further refine the classification
ability of the dark time domain model.
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FIGURE 7: Visualization of the detection results of the dataset under different models.
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