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Abstract. The images captured by vehicle-mounted cameras in low-illumination environments have the problem of severe loss of detailed
information. At the same time, the detection and recognition performance of traffic object detection algorithms is also influenced by factors such
as object texture, movement speed, shooting angle, and occlusion. Under low-illumination conditions, the background of images is integrated
with traffic objects, so the current object detection algorithms have relatively poor performance in detecting traffic objects under low illumination.
In order to achieve low-illumination image enhancement without significantly reducing the reasoning speed of object detection algorithms and
meanwhile improve the detection accuracy of object detection algorithms under low-illumination conditions, a multi-object detection model based
on image enhancement, namely low-illumination enhancement and deep fusion-you only look once (LEDF-YOLO), is proposed. Firstly, based
on the generative adversarial network (GAN) model, the direct-to-deep-generative adversarial network (DD-GAN) model is proposed to improve
the effect of enhancing low-illumination images. Then, the fusion and parallel-cross stage partial bottleneck with two convolutions (FP-C2f)
module and the transformer-spatial pyramid pooling fast (T-SPPF) module were designed to enhance and fuse multi-scale features. Finally,
the network model of you only look once version 8n (YOLOv8n) was improved by introducing cross-hierarchical connections, making object
localization more accurate. Experimental results on UA-DETRAC and self-made datasets showed that compared to the YOLOv8n algorithm, the
LEDF-YOLO object detection method improved detection accuracy while maintaining the high real-time performance of the you only look once
version 8n (YOLOv8n) algorithm.
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1. INTRODUCTION
Autonomous driving technology can improve the safety of
drivers and pedestrians and reduce casualties and property
losses [1]. With the rapid development of artificial intelligence
(AI) technology, object detection methods based on deep learn-
ing (DL) are widely applied in the field of autonomous driv-
ing and provide good safety guarantees for autonomous ve-
hicles [2]. One of the essential ways for autonomous driving
systems to perceive the environment is to obtain environmen-
tal images around vehicles through onboard cameras to detect
traffic objects [3–5]. However, when driving in low-illumination
conditions, the performance of autonomous driving systems is
currently poor due to the weak exposure of onboard optical sen-
sors, interference light sources in the environment, and uneven
illumination. If autonomous driving technology is to be widely
popularized in all application areas, it is necessary to make cor-
responding improvements to object detection technology under
low-illumination conditions, that is, to meet the performance
requirements of traffic object detection and real-time (the de-
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tection speed reaches 30 frames per second (FPS) [6]) image
processing under low-illumination conditions [7, 8]. Therefore,
autonomous driving technology under low-illumination condi-
tions based on object detection has significant research signifi-
cance for achieving high-level autonomous driving.

In response to the above shortcomings, this study proposes
a traffic object detection method with high detection accuracy
and the ability to output real-time detection results in various
illumination images, which can be used under low-illumination
conditions. Firstly, this algorithm combines the data advantages
of traffic images and the strong feature extraction ability of
deep learning networks to propose the DD-GAN algorithm to
enhance low-illumination images. Secondly, the FP-C2f mod-
ule and T-SPPF module were proposed to enhance and fuse
features to improve the feature extraction ability for small ob-
jects, and the structure of the YOLOv8n algorithm has been
redesigned to extract features of small objects effectively in
image or video frames. At the same time, in response to the
problem of a single scene and small differences in object size in
the current mainstream low-illumination traffic object detection
dataset, this study proposes a traffic object detection dataset that
includes images of various illumination scenes and is named to-
ward low-light or night-Datest (TLLN-Datest). Compared with
the YOLOv8n algorithm, the LEDF-YOLO (see Fig. 1) algo-
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Fig. 1. Overview of the role of the proposed traffic object detection
method in autonomous driving systems. Based on relevant research
results, when the natural illumination is below 100 lux, the driver’s

perception of the environment significantly decreases [10, 11]

rithm significantly improves the detection accuracy of traffic
objects on both the public dataset named UA-DETRAC [9] and
the TLLN-Datest was proposed in this study while meeting the
speed requirements for object detection. It can effectively detect
large and small objects in real time, with good multi-scale de-
tection performance. The main contributions of this study are
as follows:
• In order to solve the problem of small traffic objects in

low-illumination conditions being challenging to detect, the
improved algorithm proposed the DD-GAN image enhance-
ment method.

• In view of the significant difference in the size of traffic
objects, we proposed a network modules that integrate the
attention mechanism, named FP-C2f, to extract and fuse the
features of different scales effectively to improve detection
accuracy.

• In response to the challenge of context information loss
within network structures, which hampers the detection of
small objects, we have proposed the T-SPPF module, which
ensures that the object position information is not lost while
keeping the original receptive field unchanged. This network
facilitates the integration of contextual feature information,
strengthening the contextual associations of small objects
and bolstering the detection capabilities of the object detec-
tion algorithm.

• A new dataset, TLLN-Datest, is made for the various cat-
egories and large differences in the size of traffic objects,
which can meet the common traffic object detection tasks
under low-illumination conditions. To our knowledge, the
TLLN dataset is currently one of the largest datasets used
for object detection, consisting of both low-illuminance im-
ages and normal images.

• The LEDF-YOLO algorithm has conducted a large num-
ber of experiments on the TLLN-Datest and public dataset,
which verifies the superiority of the LEDF-YOLO algorithm
under complex illumination conditions.

2. RELATED WORK
2.1. Innovations in object detection
With the rapid development of DL, object detection methods
based on DL dominate in object detection [12, 13]. Currently,
most mainstream object detection algorithms for detecting traf-
fic objects are based on normal illumination conditions and
trained using a universal dataset with more normal conditions.
However, if object detection algorithms that can achieve good
results in limited scenes are directly applied to images or videos

captured under low-illumination conditions, they usually yield
poor detection effects [14]. This is because images or videos
captured in low-illumination environments often have character-
istics such as low signal-to-noise ratio and low contrast, which
can result in sparse semantic features of traffic objects in the
image. Therefore, the applicability of general object detection
algorithms to low-illumination images is poor, which leads to
poor overall detection performance of object detection algo-
rithms in traffic scenes. For RGB images, Loh et al. [15] pro-
posed a dedicated dataset, named ExDark, for low-illumination
object detection, which analyzed and improved the detection
performance of manual feature extraction methods and hoped to
promote research related to low-illumination object detection.
Sasagawa et al. [16] designed the YOLO-in-the-Dark network
model, which combines pre-trained models from different do-
mains using adhesive layers and generation models, namely the
low-illumination image enhancement model [17] and the object
detection model YOLO [18], thereby improving the detection
performance of low-illumination object detection algorithm.
Tao et al. [18] used low-resolution and low-illumination image
enhancement networks to reduce the computational complex-
ity of object detection algorithms. The generated images were
then transmitted to the EfficientDet detection network model
through a super-resolution network to obtain detection results,
which improved the reliability of object detection algorithms.
Chen et al. [19] proposed a low-illumination image enhancement
network model, which is more suitable for object detection from
the perspective of feature retrieval, and combined it with single
shot multibox detector (SSD) [20] detection network to improve
object detection accuracy. At present, low illumination object
detection algorithms based on domain adaptation require the use
of paired datasets of light and dark to train GAN [21], and then
the detection results are output by a universal object detection
algorithm. The traffic environment perception technology based
on the optical sensor has the advantage of rich semantic infor-
mation of the generated image and is low-cost (see Fig. 2). We
used it in image recognition and object detection systems. How-
ever, current object detection algorithms under low-illumination
conditions have not effectively overcome the defect of unclear
detail features in low-illumination images and have not fully
extracted and utilized limited features to output high-precision
detection results.

Fig. 2. The composition of object detection technology

2.2. The YOLOv8 object detection algorithm

As the latest YOLO algorithm, YOLOv8 can be applied in object
detection, image classification, and instance segmentation tasks.
This study selected YOLOv8n (the network structure of the
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YOLOv8n module can be seen in Fig. 3) with a small parameter
quantity and high detection accuracy based on the consideration
of running algorithms on ordinary devices (see Table 1 and

Fig. 3. The network structure of the YOLOv8n module

Table 2). The network model of the YOLOv8n algorithm mainly
consists of four parts: Input, Backbone, Neck, and Head. In
order to enable the YOLOv8n algorithm to extract the semantic
features while ensuring it is lightweight, YOLOv8n has designed
a new C2f structure. In this study, an improved algorithm based
on YOLOv8, LEDF-YOLO, is proposed to solve the problems
of multiple types, small size, and being easily occluded by other
objects in the traffic scene. Based on the current advanced one-
stage object detector YOLOv8, this algorithm has made several
improvements in network structure and modules to adapt to
complex and challenging traffic object detection tasks.

2.3. The standard components and functions of YOLOv8
and GAN

The Backbone part of the YOLOv8 network model is responsible
for feature extraction, using a series of convolutional layers, as
well as residual connections and bottleneck structures to reduce
network size and improve performance. The YOLOv8 network
model uses the C2f module as the basic building block, which
has fewer parameters and better feature extraction capabilities
compared to the C3 module of the YOLOv5 network model.
Specifically, the C2f module reduces redundant parameters and
improves computational efficiency through more efficient struc-

Table 1
Comparison between the YOLOv8 series object detection methods on a single RTX 3070Ti using the MS-COCO dataset [22]. The MS-COCO
dataset is currently one of the most widely used small object detection datasets. It has over 330K images and 2.5M annotations, including 22
categories, such as humans, animals, and transportation. The characteristics of the MS-COCO dataset are a high proportion of small objects, and
the image content in the dataset is complex and diverse. In recent years, the MS-COCO dataset has been used to organize a series of small object
detection competitions. The optimal value for each of these evaluation criteria has been bolded in black, “↑” indicates that a larger value of the

evaluation criterion is better, while “↓” indicates that a smaller value of the evaluation criterion is better

Algorithm Parameters(M)↓ FLOPs(B)↓ Speed of reasoning(CPU/GPU) mAP@0.5:0.95(%)↑ The area of application

YOLOv8n 3.2 8.7 Fast 37.3 Mobile/Edge devices
YOLOv8s 11.1 28.6 Medium 44.9 Balance speed and accuracy
YOLOv8m 25.9 78.7 Slower 50.2 General scenarios
YOLOv8l 43.7 165.4 Slow 52.9 High detection precision requirements
YOLOv8x 68.2 257.8 Slowest 53.9 Adequate computing resources

Table 2
Comparison between the mainstream object detection algorithms on a single RTX 3070Ti using the Microsoft COCO dataset [22] and the
PASCAL VOC dataset [23]. It can be seen that compared with some mainstream algorithms, the YOLOv8n algorithm has basically maintained a
leading position in various evaluation indexes, so this study improves on the basis of the YOLOv8n algorithm. “↑” indicates that a larger value of

the evaluation criterion is better, while “↓” indicates that a smaller value of the evaluation criterion is better

Algorithm FLOPs(G)↓ mAP COCO(%)↑ mAP VOC(%)↑ Size Parameters(M)↓ Model Size(MB)↓

YOLOv8n 8.7 62.3 81.7 640 3.2 6.3
SSD 300 [20] 61.2 62.8 84.0 300 24.1 93.1
YOLOv6s [24] 27.4 59.6 76.8 640 10.6 81.3

YOLOv8s 28.6 66.1 84.2 640 11.1 22.5
YOLOv7-tiny [25] 13.1 65.2 83.8 640 6.0 12.2
YOLOv4-tiny [26] 6.8 56.7 63.3 416 5.9 22.5

YOLOX-s [27] 26.8 63.4 84.1 640 8.9 34.3
YOLOv5s 15.8 60.2 82.0 640 7.0 14.4
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tural design. The Neck part of the YOLOv8 network model
is responsible for multi-scale feature fusion, enhancing feature
representation capability by fusing feature maps from different
stages of Backbone. Specifically, the Neck part of the YOLOv8
network model includes the following components:
• The spatial pyramid pooling fast (SPPF) module: The SPPF

module is used for pooling operations at different scales,
concatenating feature maps of different scales together to
improve the detection ability of objects of different sizes.

• The path aggregation network (PAN) module: The YOLOv8
network model consists of two PAN modules used for path
aggregation of features at different levels, enhancing the
expressive power of feature maps through bottom-up and
top-down paths.

The Head part of the YOLOv8 network model is responsible
for the final object detection and classification tasks, including
a detection head and a classification head:
• The detection head module: It includes a series of convolu-

tional layers used to generate detection results. These layers
are responsible for predicting the bounding box regression
values of each anchor box and the confidence level of the
existence of the object.

• The classification head module: Global average pooling is
used to classify each feature map, and the probability dis-
tribution of each category is output by reducing the dimen-
sionality of the feature map. The design of the classification
header enables YOLOv8 to effectively handle multi-class
classification tasks.

The CBS module (see Fig. 4a) in the GAN network model in-
cludes a convolutional layer (Conv), a batch normalization layer
(BN), and a SiLU activation function, while the CBL module
(see Fig. 4b) includes a convolutional layer (Conv), a batch nor-
malization layer (BN), and LeakyReLU activation function. The
detection head module and the classification head module are
mainly used for feature extraction. Meanwhile, introducing the
nonlinear factor of the activation function enables the model to
learn more complex mapping relationships.

Fig. 4. The network structure of the CBS module and
the CBL module

3. THE METHODS

In this study, the traffic object detection algorithm is trained with
the relevant traffic detection dataset. The marked video frames
output by the LEDF-YOLO algorithm can be regarded as the
input state of the deep reinforcement learning (DRL) method.
This section mainly introduces the background and component
modules of the LEDF-YOLO method.

3.1. The DD-GAN module

The feature extraction module of the U-shaped network of the
EnlightenGAN network model can get high-level features with
rich detail information and shallow features with rich semantic
information. This module design aims to combine the advan-
tages of high-level features and shallow features to reduce infor-
mation loss during feature transmission. However, the Enlight-
enGAN [28] method did not effectively integrate multi-scale
features. In order to address this problem, we proposed the DD-
GAN method based on the EnlightenGAN method, which can
be used in the preprocessing step of the YOLO object detection
algorithm (see the image enhancement module of Fig. 1). In
order to maintain the detailed information of the original image
to the greatest extent possible, the convolution kernel size of
all convolutional layers is set to 3× 3, and the stride is set to
1. Meanwhile, the residual modules are introduced to preserve
as much of the colour and texture information of the original
image as possible. The attenuation of light during propagation
and the reflection and absorption of the object can cause uneven
illumination distribution on different image pixels. Therefore,
spatial attention is used to fully utilize the different position
information of illumination distribution in the feature map to
fit the distribution representation of low-illumination images to
the distribution representation of normal illumination images.
The convolutional block attention module (CBAM) [29] utilizes
different information through two methods: average pooling and
maximum pooling. Maximum pooling encodes the most signif-
icant part of the illumination distribution in low-illumination
images, while average pooling encodes the global semantics
information of low-illumination images. Therefore, using the
CBAM module simultaneously can allow generated images to
fit the illumination distribution of the normal illumination im-
age better. The network model of the DD-GAN method is shown
in Fig. 5.

Fig. 5. The main components and steps of the DD-GAN module

In DD-GAN, training a large number of images enables
the network to acquire the ability to process low-illumination
images. Firstly, a set of images is selected, including a low-
illumination image and an unpaired normal illumination image.
During training, the low-illumination image is input into the
generator, and the enhanced image is output. The difference be-
tween the output image and the normal illumination image is
calculated based on the loss function, and the parameters of the
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generator are adjusted. At the same time, the enhanced image
and the normal illumination image are inputted to the global
and local discriminators for discrimination. The discriminator
extracts image features, calculates the difference between the
enhanced image and the normal illumination image through a
loss function, and feeds it back to the generator to improve
continuously. After repeating this process many times, the gen-
erator and discriminator reach a balance through training and,
finally, obtaining the generator with the best parameters. The
DD-GAN method can convert the low-illumination traffic im-
age into a normal image, providing more significant semantic
feature information for subsequent traffic object detection tasks.

Image enhancement typically uses peak signal-to-noise ratio
(PSNR) and structural similarity (SSIM) as quantitative indica-
tors. PSNR measures the overall enhancement effect by evaluat-
ing the pixel difference between the generated enhanced image
and the normal illumination image in decibels (dB). The formula
is as follows:

𝑃𝑆𝑁𝑅 = 10× log10

(
max2

𝐼

MSE

)
, (1)

where max2
𝐼

represents the maximum value of the pixel.
SSIM balances the structural differences between images to

represent the degree of detail similarity in the image. The for-
mula is shown in 2.

𝑆𝑆𝐼𝑀 (𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦 + 𝑐1) (2𝜎𝑥𝑦 + 𝑐2))
(𝜇2

𝑥𝜇
2
𝑦 + 𝑐1) (𝜎2

𝑥𝜎
2
𝑦 + 𝑐1)

, (2)

where 𝜇𝑥 is the average of 𝑥, 𝜇𝑦 is the average of 𝑦, 𝜎2
𝑥 is the

variance of 𝑥,𝜎2
𝑦 is the variance of 𝑦, and𝜎𝑥𝑦 is the covariance of

𝑥 and 𝑦. 𝑐1 = (𝑘1𝐿)2,𝑐2 = (𝑘2𝐿)2 is a constant used to maintain
stability. 𝐿 is the dynamic range of pixel values. 𝑘1 = 0.01,
𝑘2 = 0.03.

In order to verify the enhancement effect of the DD-GAN
algorithm proposed in this study, the training set was selected
from 1930 unpaired image datasets provided by the Enlight-
enGAN algorithm, including 934 low-illumination images and
1016 unpaired normal low-illumination images. The images in
the test set are sourced from the public low-illumination dataset
DICM [30], MEF [31], and ExDark [15], where the ExDark
dataset only contains 157 randomly selected images. To ver-
ify the performance of the proposed method on paired image
datasets, 148 low-illumination/normal-illumination image pairs
were randomly selected from the dataset used to obtain training
data to validate the algorithm in this study. All image sizes have
been adjusted to 600×400 pixels. From Fig. 6 and Table 3, we
can see that the image enhancement effect of the DD-GAN algo-
rithm has significantly improved compared to the EnlightenGan
algorithm.

3.2. The T-SPPF module

In autonomous driving scenarios, there are often incomplete
traffic objects caused by factors such as occlusion between traffic
objects in the image, resulting in low detection accuracy of ob-
ject detection algorithms. The SPPF module can obtain semantic
features of local receptive fields and approximate non-local re-
ceptive fields, fuse semantic features of different scale receptive
fields, and enrich the expression ability of feature maps. How-
ever, the feature map will lose the position information of the
object after the maximum pooling operation in the SPPF mod-
ule. Therefore, the dilated convolution [32] operation is used
to replace the maximum pooling operation in the T-SPPF (see
Fig. 7) module, ensuring that the object position information is
not lost while keeping the original receptive field unchanged.
Dilated convolution introduces a parameter to define the dilated
rate of the convolution, which can obtain local and nonlocal in-
formation without increasing the number of convolution kernels
to obtain more object position information.

Fig. 6. Visual comparison with relevant image enhancement methods

Table 3
The objective evaluation indicators for several mainstream image enhancement methods on the self-made road lane dataset. The optimal value for
each of these evaluation criteria has been bolded in black, “↑” indicates that a larger value of the evaluation criterion is better, while “↓” indicates

that a smaller value of the evaluation criterion is better

Indicator Zero-DCE [33] StableLLVE [34] KinD [35] EnlightenGan [28] DDGAN

PSNR ↑ 11.26 14.19 15.76 14.37 16.19
SSIM ↑ 0.71 0.82 0.90 0.85 0.92
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Fig. 7. (a) The network structure of the SPPF module. (b) The network
structure of the T-SPPF module. The T-SPPF module accelerates net-
work convergence by introducing the multi-head self-attention (MHSA)
attention mechanism and redesigning the network structure to focus on
dense small object areas, which can reduce the missed detection and

false detection rates of small and occluded objects

Unlike the SPPF structure, which uses different 5× 5 maxi-
mum pooling to extract high-level and low-level semantic fea-
tures more effectively, this study uses dilated convolution after
dilated convolution. This is more effective than simply using
5×5 maximum pooling to increase the receptive field, and the
expression ability of feature maps will be enriched, which is ben-
eficial for object detection tasks with significant differences in
object size. T-SPPF first uses the standard CBL module to halve
the input channel and then performs a dilated convolution (di-
lated rate = 2). After the dilated convolution, it performs dilated
convolution (dilated rate = 4) and dilated convolution (dilated
rate = 6), respectively. Finally, the results of three dilated convo-
lution operations are concatenated with the data without dilated
convolution operations in the channel dimension to perform a
CBL operation. At the same time, the MHSA [36] module is
added to enhance the global information aggregation ability,
enabling the model to detect better and recognize small and
occluded objects.

3.3. The FP-C2f module
As the number of network layers deepens, the number of feature
map channels often increases. Feature maps from multiple chan-
nels may carry similar or identical information, which can cause
redundancy of feature maps. Therefore, the latest lightweight
backbone network, namely FasterNet [37], proposes an idea of
partial convolution, which only performs ordinary convolution
on some channels of all input feature maps, while the remain-
ing channels that have not been convolved will be saved for
subsequent processing. This lightweight method not only re-
duces computational complexity but also improves the speed
of floating-point operations, and because it takes into account
the information of all channels, it does not cause serious accu-
racy degradation. This study is inspired by the partial convo-
lution idea in FasterNet mentioned above and designs the M-
Bottleneck structure to replace the Bottleneck structure in the
C2f module, thereby reducing the computational complexity of
the model. Among them, 1×1 convolution is added to branch 1,
firstly because 1×1 convolution can reduce the dimensionality
of feature map information, reducing the parameter quantity and
computation. Secondly, the 1× 1 convolution used in the CBS

module undergoes a Swish activation function processing, deep-
ening the network depth and adding more nonlinearity. In the
FP-C2f module, 1×3 convolutions and 3×1 convolutions were
added, which are asymmetric convolutions [38]. The asymmet-
ric convolution structure formed through this cascading method
has the same receptive field as the standard 3×3 convolution. On
the one hand, it deepens the depth of the network and enhances
the ability of the network nonlinear expression, and different
forms of convolution kernels can expand the feature space and
better adapt to object features with different width and height
ratios. On the other hand, it can save about 33% in terms of
parameter quantity.

However, although asymmetric convolution significantly re-
duces the overall parameter quantity of the network model, it
leads to a decrease in the ability of the network model to capture
complex features. Therefore, 3× 3 PConv modules are added
to M-BottleNeck. This increases the width of the model to in-
crease the nonlinear expression ability of the model to extract
more feature information from different levels of feature maps
in the sample to compensate for the accuracy loss caused by
reduced parameter quantity and preserve the original channel
information to the greatest extent possible. At the same time, in
order to capture the global correlation of feature maps and rep-
resent richer connections between semantic features, this study
introduces the MHSA module in the M-Bottleneck module. The
MHSA module can map input feature sequences to multiple
subspaces and perform attention calculations on each subspace,
thereby improving the ability to express the object detection
model. The MHSA module can also perform different attention
calculations on input feature sequences, thereby improving the
generalization ability of the object detection model. At the same
time, the multi-head attention mechanism can perform more
detailed processing on the input feature sequence, thereby im-
proving the accuracy of the object detection model. The network
structure of FP-C2f is shown in Fig. 8.

Fig. 8. (a) The network structure of the C2f module. (b) The network
structure of the Bottleneck1 module. (c) The network structure of the
MHSA-Bottleneck (M-Bottleneck) module. (d) The network structure

of the FP-C2f module

3.4. The improvement of overall structure
of the LEDF-YOLO network model

When the size of traffic objects is small, the number of pixels
is often relatively few. As the number of convolutional layers
increases, the collection and processing of semantic feature in-
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formation by convolutional operations will gradually deepen,
resulting in useful features of small traffic objects being easily
ignored by network models in convolutional neural networks.
This is the fundamental reason why small objects are difficult to
detect accurately in object detection tasks. In order to integrate
the semantic features of deep and shallow convolutional layers
and improve the difficulty of multi-scale traffic object detection,
this study concatenates the shallow feature maps in the Back-
bone section with the deep feature maps of the same size in the
PAN structure so that the deep feature maps contain the feature
information of the shallow feature maps, as shown by the blue
full line in Fig. 9. The low-level semantic information, such as
edges and contours of small-scale traffic objects, were incor-
porated into the deep network structure with a slight increase
in parameter size. The final experimental results show that the
accuracy of the object detection algorithm has been improved
to a certain extent (see Table 4).

Fig. 9. The network structure of the LEDF-YOLO network model. The
blue boxes, circles, and arrows represent the improvements made to the

YOLOv8n algorithm in this study

Table 4
The comparison of experimental accuracy on the Microsoft COCO
dataset [22] between the improvement network structure and the
YOLOv8n algorithm is added. The optimal value for each of these
evaluation criteria has been bolded in black, “↑” indicates that a larger
value of the evaluation criterion is better, while “↓” indicates that a

smaller value of the evaluation criterion is better

Algorithm mAP@0.5(%)↑ Parameters(M)↓

YOLOv8n 56.4 3.2
YOLOv8n with the improvement
network structure 59.7 3.7

3.5. The construction of the TLLN dataset

The image of our dataset was mainly captured on roads in
Guangzhou, Dalian, and Benxi, containing various roads, var-
ious illumination intensities, and different weather conditions.
The other part of our dataset was an image formed by shoot-
ing the video and then getting frames. A total of 3300 images
of the dataset were obtained from video frames. Image size
is 1920× 1080 and 1366× 768. In addition, 800 images were
carefully selected from the ExDark [15] dataset and the BIT-
Vehicle [39] dataset. By adding more images to the training

set and expanding the sample space to enrich the training set,
the data expansion approach may significantly reduce the over-
fitting of the object detection model and, hence, enhance its
generalizability.

The collection scenario of a dataset has an essential impact
on the performance of traffic object detection algorithms based
on DL. Generally, the higher the quality of the dataset, the
higher the accuracy of the object detection algorithm. There-
fore, we consider adding images that reflect the traffic status of
complex scenes to improve the detection effect and enhance the
robustness and adaptability of the model. Meanwhile, in order to
balance various samples, various frames containing traffic signs
are selected from the captured videos and placed in the dataset.
The object detection algorithm detects the objects in the image,
labels them with categories, and identifies their positions. We
used the LabelMe tool to label the collected images, directly
generate corresponding TXT files, and expand the dataset to ob-
tain an object detection dataset including 17 964 images, namely
TLLN-Datest, by rotation operation, blur operation, crop oper-
ation, and so on. There is a ground-truth annotation document.
Among them, each line of the annotation document contains
the location information and category of the traffic object in the
image. The location information consists of the centre position
of the annotation box, as well as the width and height of the
box. Before training, convert the tag file to the YOLO format
required for training. The dataset instance is shown in Fig. 10.

Fig. 10. The self-made traffic object dataset and examples of traffic
objects

4. OBJECT DETECTION MODEL TRAINING

The self-made traffic object dataset and the UA-DETRAC
dataset were used for training and test verification on a desktop
computer equipped with an NVIDIA GeForce RTX 3070 Ti to
validate the practicability and effectiveness of the designed ap-
proach. Meanwhile, all object detection algorithms used in this
study are without pre-training. The experimental environment
runs on Ubuntu 20.04, and the approach proposed in this study
is built with the PyTorch framework. During network training,
the batch size is 16, the optimizer is Adam, the maximum iter-
ation epoch is 200, the initial learning rate is 0.01, the weight

Fig. 11. The number of images included in each type of object of the
TLLN dataset and the number of images included in each type of

illumination condition of the TLLN dataset
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Table 5
Experimental software version and hardware configuration

Name Model and version

Integrated development environment PyCharm Community Edition 2022.1.2
GPU-accelerated library of primitives for deep neural networks CUDA Deep Neural Network 8.4

Graphics card NVIDIA GeForce RTX 3070Ti
Memory capacity 32GB

Computer processor Intel i7-13700K Processor
Computer vision and machine learning software library OpenCV 4.6.0

Deep learning software packages PyTorch 1.5.1

Table 6
Experimental hyperparameter setting

Hyperparameters Batch size Initial learning rate Epochs Optimizer

Numerical value 16 0.01 100 Adam

Hyperparameters Momentum factor Attenuation coefficient Warmup epochs Mosaic data augmentation probability

Numerical value 0.937 0.0005 3 1.0

attenuation coefficient is 0.0005, and the momentum is 0.937.
The software version and hardware configuration of this net-
work model are shown in Table 5. The hyperparameter settings
of this study are shown in Table 6.

4.1. Evaluation indicators

The full name of the average precision (AP) indicator is the
average precision, which is an essential indicator for measuring
the detection accuracy of a single object category. Before intro-
ducing AP metrics, first introduce two key concepts: Precision
and Recall. The Precision and Recall are calculated separately
for a specific category, and the formula for calculating Precision
and Recall is as follows:

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃 ×100%, (3)

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁 ×100%, (4)

where 𝑇𝑃 denotes a correctly classified object with intersection
over union (IoU) against the truth box higher than the threshold,
𝐹𝑃 means that the predicted bounding box has IoU less than
the threshold, or the object does not exist, and the model detects
one. And finally, 𝐹𝑁 denotes the ground truth objects that have
no prediction.

The AP is defined by:

𝐴𝑃 =
∑︁
𝑛

(𝑅𝑛 −𝑅𝑛−1)𝑃𝑛 , (5)

where 𝑅𝑛 and 𝑃𝑛 are the precision and recall at the 𝑛th threshold.
The mean average precision (mAP) indicator represents the

average of different types of average precision. The mAP is

defined by:

𝑚𝐴𝑃 =
1
𝑁

𝑁∑︁
𝑖=1

𝐴𝑃𝑖 , (6)

where 𝑁 the number of detected categories, 𝑖 denotes the de-
tected category.

The mAP@0.5 indicator represents the probability of accu-
rate prediction when the IoU of the candidate bound and ground
truth bound is greater than 0.5.

4.2. Comparison with related algorithms

To further validate the detection performance of the LEDF-
YOLO method proposed in this study, we will compare the pro-
posed LEDF-YOLO method model with mainstream lightweight
object detection methods such as YOLOv5n and YOLOv8n in
this section. The detection results of each detection algorithm
on the self-made dataset are shown in Table 7 and Fig. 12. Fig-
ure 12 shows the curves of precision, recall, and mAP@0.5 of
the YOLOv8n and LEDF-YOLO method. By analyzing Table 7
and Fig. 12, it can be seen that the LEDF-YOLO model pro-
posed in this study has significant advantages in the mAP@0.5
indicator, precision indicator, and recall indicator. The detection

Fig. 12. The curves of the four evaluation indicators for the LEDF-
YOLO algorithm and the YOLOv8n algorithm during training on the
self-made dataset. (a) The precision curve. (b) The recall curve. (c) The

mAP@0.5 curve
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Table 7
Comparison with mainstream object detection approaches on the self-made dataset (The best results are bolded). The optimal value for each of
these evaluation criteria has been bolded in black, “↑” indicates that a larger value of the evaluation criterion is better, while “↓” indicates that a

smaller value of the evaluation criterion is better

Model Size Precision(%)↑ Recall(%)↑ mAP(%)↑ FPS(frame/s)↑

YOLOv5n 640 79.63 80.56 82.30 129.1
YOLOv8n 640 81.97 83.72 85.41 126.9

LEDF-YOLO 640 89.52 90.48 92.75 121.4

accuracy of LEDF-YOLO is higher than that of other detection
models. The overall real-time difference between LEDF-YOLO
and YOLOv8n is small. However, LEDF-YOLO has a preci-
sion indicator and recall indicator that is 7.55 % and 6.76 %
higher than YOLOv8n, respectively. While YOLOv5n is slightly
higher in speed of reasoning than LEDF-YOLO and YOLOv8n,
the detection accuracy of YOLOv5n and YOLOv8n is relatively
higher compared to YOLOv5n. Therefore, the real-time indi-
cator and detection accuracy of the LEDF-YOLO method meet
the requirements of efficient and real-time accurate detection for
traffic object detection.

In order to verify that the improved method in this study can
effectively improve the detection effect of traffic objects, images
from different scenes in the self-made dataset were selected for
comparison in the experiment. The detection results are shown
in Fig. 7. The car in the bottom right corner of Image 8 and
the car on the right side of Image 3, due to image size limita-
tions, only partially appear in the image. Therefore, the original
YOLOv8n algorithm cannot accurately detect them. However,
the improved method in this study still detects them even when
the object is partially missing. As shown in Image 7, in scenes
with densely arranged traffic objects, the YOLOv8n algorithm
falsely detected a bus as a truck, but the method proposed in
this study successfully detected them. As shown in Image 5, due
to the small size of the object, interference from background
information, and overlapping objects, the YOLOv8n algorithm
missed detecting pedestrians on the roadside. However, our pro-

posed improved method was able to detect this small object. As
shown in Image 1, in a dark night scene, due to insufficient light-
ing, the edges and details of objects become blurred. Therefore,
the YOLOv8n algorithm missed and misclassified some traffic
signs and vehicles in the image, while our proposed improved
method successfully detected them. These results demonstrate
that the improved method proposed in this study improves the
accuracy of traffic object detection in different traffic scenarios.

In order to further compare LEDF-YOLO with other detec-
tion models, this work conducted comparison tests on the UA-
DETRAC dataset to validate the generalization performance of
the LEDF-YOLO algorithm. The comparison testing findings
demonstrate that the LEDF-YOLO algorithm has much superior
detection accuracy indicators than other methods, as shown in
Table 8, and the detection speed has reached 131 FPS. This
implies that the LEDF-YOLO algorithm has high detection per-
formance and can swiftly identify and locate traffic objects,
which is suitable for practical implementation. Overall, there
is no significant difference between the method described in
this study and the YOLOv8n algorithms in terms of parameter
amount and FPS indicators. This demonstrates that the enhance-
ment of the LEDF-YOLO algorithm over the YOLOv8n algo-
rithm can effectively improve object detection accuracy while
meeting real-time requirements, making the model suitable for
deploying in autonomous driving systems that require high real-
time and object detection accuracy while meeting the needs of
vehicle intelligent development.

Table 8
Comparison between the mainstream object detection approaches on the UA-DETRAC [9] dataset. From the table, it can be seen that compared
to the baseline algorithm, YOLOv8n, LEDF-YOLO significantly improves the accuracy of object detection while ensuring real-time performance.
The optimal value for each of these evaluation criteria has been bolded in black, “↑” indicates that a larger value of the evaluation criterion is

better, while “↓” indicates that a smaller value of the evaluation criterion is better

Algorithm Backbone Size FLOPs(G)↓ Params(M)↓ mAP(%)↑ FPS(frame/s)↑
SSD [20] VGG-Net 300 31.7 26.3 73.23 53

EfficientDet EfficientNets 512 17.9 17.1 68.39 29
YOLOv7 E-ELAN-based 640 104.7 37.4 97.89 64

YOLOX-tiny CSPDarknet53 640 6.4 5.1 87.25 61
YOLO7-tiny E-ELAN-based 640 6.5 6.2 83.13 116
YOLOv8n C2f-based 640 8.7 3.5 90.71 107

LLD-YOLO [40] C3k2f-based 640 25.1 11.2 92.81 95
YOLOv12n [41] with DD-GAN R-ELAN-based 640 7.6 3.3 94.93 128

LEDF-YOLO FP-C2f-based 640 9.5 4.2 98.13 101
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5. ABLATION STUDY
In order to evaluate the effectiveness of various improvement
strategies adopted in this study on the LEDF-YOLO algorithm,
ablation experiments were conducted in the self-made dataset
constructed in this study to analyze the performance effects of
different improvement strategies quantitatively. The results of
ablation experiments are shown in Table 9.

In Table 9, the Group 1 experiment was directly con-
ducted using YOLOv8n. The experimental results show that
the mAP@0.5 indicator of YOLOv7 reached 85.41%, and the
detection speed is 126.9 FPS. Through experimental results, it
can be seen that compared with existing traffic object detection
methods, the YOLOv8n algorithm has advantages in speed, but
its accuracy is still not ideal. In the Group 2 experiment, the
image-enhancement module was introduced into the YOLOv8n
algorithm, and the mAP@0.5 indicator reached 89.18%, an in-
crease of 3.77% compared to the YOLOv8n algorithm. This
proves the effectiveness of adding the image-enhancement mod-
ule strategy to the YOLOv8n algorithm. The Group 3 experi-

ment introduced the FP-C2f module into the Group 2 network
model, and the mAP@0.5 indicator increased by 3.70% while
FPS only decreased by 1.6%. This indicates that the FP-C2f
module can effectively improve the accuracy of traffic object de-
tection. Group 4 introduced the FP-C2f module into the Group
3 network model. At this time, the mAP@0.5 indicator reached
92.47%. Compared with the original YOLOv8n algorithm, the
mAP@0.5 indicator increased by 7.06%, and the FPS indica-
tor of the network model did not significantly decrease. This
indicates that the FP-C2f module maintains real-time while
better-capturing image features through attention mechanisms
and new network structures, enhancing the expression ability of
the network model and making it more suitable for application
in edge devices. The Group 5 experiment is a combination of all
improvement points, with the mAP@0.5 indicator of 92.75%
and the detection speed of 121.4 FPS. Although the detection
speed of the TOD-YOLOv7 algorithm has slightly decreased,
the mAP@0.5 indicator has increased by 7.34%. Therefore, the
LEDF-YOLO algorithm has a good detection effect.

Fig. 13. Visual comparison with relevant methods on the self-made dataset (the images detected using the YOLOv8n algorithm are also
enhanced using the DD-GAN algorithm)

Table 9
Comparison between related detection algorithms on the self-made dataset. It can be seen that after adding the low-illumination image enhancement
algorithm (DD-GAN) to the preprocessing step of the object detection algorithm, the detection accuracy of the object detection algorithm has
been greatly improved without affecting the inference speed too much. Among them, “✓” means adding the corresponding module, “×” means
not adding the corresponding module (the best results are bolded). Overall, the LEDF-YOLO algorithm improves the detection accuracy of the

algorithm, effectively balancing accuracy and real-time

Group
Module Improvement of

network structure DD-GAN mAP@0.5(%) FPS(frame/s)
FP-C2f T-SPPF

1 (YOLOv8n) × × × × 85.41 126.9
2 × × × ✓ 89.18 124.7

3 ✓ × × ✓ 92.89 123.1

4 ✓ ✓ × ✓ 92.47 121.9

5 (LEDF-YOLO) ✓ ✓ ✓ ✓ 92.75 121.4
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6. CONCLUSIONS

This study proposes a lightweight low-illumination traffic ob-
ject detection method, namely LEDF-YOLO, based on image
enhancement to solve the problem of poor detection effect of ob-
ject detection algorithms for traffic objects in low-illumination
traffic scenes. Firstly, the SPPF module and C2f module of
the YOLOv8n algorithm have been optimized and improved
to extract and fuse important semantic feature information of
traffic objects. Secondly, an efficient DD-GAN network module
is proposed to enable the object detection algorithm to obtain
richer semantic information. In addition, the network model
of the YOLOv8n algorithm has been improved, allowing it to
pay more attention to the semantic feature information of small
and occluded objects and effectively process object features
of different scales, thereby effectively reducing the occurrence
of missed and false detections. Validation was conducted on
the UA-DETRAC dataset and self-made dataset, and the ex-
perimental results showed that the Precision indicator of the
LEDF-YOLO algorithm is improved by 7.55% when compared
to the YOLOv8n algorithm, the Recall indicator is improved by
6.76%, the mAP@0.5 indicator is improved by 7.34%, and the
detection speed reaches 121.4 FPS, which realizes the real-time
and high-precision detection of traffic objects.

With the development of AI, the performance of traffic object
detection algorithms is gradually improving, but many problems
still need to be solved urgently. The background of traffic im-
ages is relatively complex, and this study only focuses on image
enhancement under low-illumination conditions. Adverse envi-
ronments, such as foggy days and sandstorms, can also affect
the effectiveness of object detection algorithms in detecting traf-
fic objects. Therefore, image enhancement for different weather
environments will be a further research direction.
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