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A lightweight model for multi-traffic object detection based on deep
learning under complex traffic conditions
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The object detection is extremely important in autonomous driving environment awareness. Besides vehicle
and pedestrian detection, traffic signs and lights are important objects. The paper presents how to achieve
precise results in multi-traffic object detection while minimizing the model size. A deep learning network
YOLOv5s-Ghost-SE-DW is proposed based on the YOLOv5s. The proposed network can detect all traffic
objects including traffic signs and lights. First, the convolution layer is replaced by Ghost module to reduce
the parameter and model size. Second, in order to improve accuracy and real-time performance, the attention
mechanism SELayer is embedded to fuse more spatial features. Third, the DW convolution is used to extract
features and further reduce the parameter number. The effect of different modules on the whole network is
verified by ablation experiments. The YOLOv5s-Ghost-SE-DW yields a model size of 5.22MB while achieving
15.58 FPS real-time performance on CPU. The FPS increases by 27.5%.
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1. Introduction

Artificial intelligence has been a hot topic in recent years.
Autonomous driving, as an important application of ar-
tificial intelligence, has been facing many challenges that
scientists try to solve [1]. At present, with the combination
of computer vision and deep learning, the autonomous
driving environment awareness has been greatly promoted,
which has become one of the mainstream methods in the
object detection field. Autonomous driving is faced with
a complex traffic condition, in which vehicles need accu-
rately detect and identify every object within a limited time.
The traditional object detection is divided into three steps:
region selection, feature extraction and classification. Re-
gion selection is the basic step. The object may appear
anywhere in the image and the object size is uncertain, so
different scales and aspect ratio sliding windows are used
to traverse the entire image initially. The feature quality di-

rectly affects the classification accuracy. Feature extraction
is the most critical step, because it directly extracts the local
image information in each window.

It is very difficult to design a robust feature due to the
object size, the illumination change, the background di-
versity and so on. The classifier is mainly used to classify
the extracted feature. However, the disadvantages of tradi-
tional object detection method are obvious. There are two
main problems. First, the region selection strategy based on
sliding window has no pertinence, with high time complex-
ity and windows redundancy. Second, the hand-crafted
feature is not very robust to the variety of image changes.

With the development of computer hardware and al-
gorithms, large-scale datasets provide a benchmark for
different algorithms. The deep learning technology has be-
come the best algorithm in the field of computer vision and
finally become the best method in all perceptual tasks. The
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convolutional neural network has made excellent achieve-
ments in object detection and led computer vision to a new
era.

2. Related work

2.1. Related work to autonomous driving

Autonomous driving covers a very wide range. At present,
there are also a lot of vehicle artificial intelligence tech-
nologies. Mekki et al. [2] proposed the evolutionary game-
based vehicular cloud access algorithm (EG-VCA) and the
Q-learning-based vehicular cloud access algorithm. These
two algorithms allow each vehicle to automatically se-
lect the way and avoid the use of a centralised controller.
The experiment results showed that these two algorithms
achieved good convergence. Kamalesh et al. [3] proposed
a real-time pothole detection and warning system by comb-
ing Internet of Things technology. The experimental results
show that the reporting success rate reaches 100%.

2.2. Related work to object detection

Object detection is an important application in autonomous
driving. When an autonomous vehicle faces a complex traf-
fic environment, it is important for the autonomous vehicle
to detect objects and avoid obstacles timely. Dow et al. [4]
combined deep learning classifier and zebra-crossing recog-
nition techniques to improve pedestrian safety and reduce
accidents at intersections. The results revealed that the
proposed algorithm achieved good results on real-time per-
formance. Object detection algorithms are mainly divided
into One-Stage and Two-Stage based on deep learning. In
the object detection algorithm based on Two-Stage, the con-
volutional neural network is used to extract features, and
then Region Proposal Network [5] is used to generate can-
didate regions instead of sliding windows. Moreover, the
classification of candidate frame regions and the prelimi-
nary prediction of object location are completed.

The convolutional neural network is also called the
backbone network, and the common backbone network
includes Alexnet [6], VGG [7], Resnet [8] and so on. At
present, the most advanced object detection algorithm in-
cludes Faster R-CNN [9], PVANet [10], R-FCN [11], MR-
CNN [12], Cascade R-CNN [13], Soft-NMS [14] and so on.
Among them, the following networks achieve better results
by optimizing each component of Faster R-CNN. PVANet
uses better backbone network Inception [15]. HyperNet
[16], and residual modules to find more robust features and
accelerate performance. MR-CNN uses a more accurate
Region Proposal Network to transform the region before
inputting, pays more attention to its context information
and completes better screening and recommendation of the

region. Cascade R-CNN uses a more complete ROI classifi-
cation and cascade regression as a resampling mechanism
to gradually increase the value of IOU to achieve better
detection results. Soft-NMS improves the detection accu-
racy rate by post-processing samples, modifying the rules
of deleting detection boxes in NMS, merging and filtering
candidate boxes.

Compared with Two-Stage algorithms, the convolution
neural network is also used to extract features without Re-
gion Proposal Network in One-Stage algorithms. Faster
detection speed is achieved by inputting the features into
the regression network to directly return the class prob-
ability and object bounding box. Therefore, a One-Stage
detection framework is proposed based on regression. But
at the same time, the speed is given priority while detec-
tion accuracy is lost. The YOLO [17–20] is one of the most
classic One-Stage object detection algorithms. The whole
algorithm adopts the end-to-end network to evaluate the
whole image by regression, so that the real-time perfor-
mance can be guaranteed reliably. The YOLO algorithm
divides the input image into S×S grids, and regresses each
grid to output the category and bounding box of the object
area corresponding to the current grid. The framework
based on regression is a new object detection framework.
Since the YOLO algorithm divides the input image into S×S
grids, the positioning accuracy of the algorithm was not as
high as that based on Region Proposal Network. SSD [21]
combines high detection accuracy of Two-Stage algorithms
with high speed of One-Stage algorithms and applies Re-
gion Proposal Network. SSD adds the anchor mechanism
of Faster-RCNN on the basis of YOLO and multi-scale re-
gion features to regress the object location and bounding
box. In terms of accuracy, it achieves precise accurate rate
as good as region proposal, while ensuring real-time per-
formance. Although, the position of the bounding box
predicted by SSD is not very ideal for small objects, it is a
relatively advanced One-Stage object detection algorithm
to perform well in real-time performance without sacrific-
ing too much detection accuracy.

In summary, significant progress has been achieved in
object detection. However, the existing model still has
some defects in detection accuracy and speed, especially
under the multi-scale, high light, rainy, shadow and other
complex environment conditions. Consequently, from the
perspective of generalization and real-time performance,
to further improve the detection accuracy and speed, it is
extremely important to combine the lightweight module
and the convolutional neural network to reduce the model
size and improve real-time performance. Accordingly, the
objective of the study is to explore a more lightweight and
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Fig. 1. Whole network structure

Fig. 2. Ghost module
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Fig. 3. SELayer module

accurate method for multi-traffic object detection.
The paper is organized as follows. The related work in

multi-traffic object detection is reviewed in Section 2. The
whole network structure and different modules are given
in Section 3. The ablation experiments and results analysis
are showed in Section 4. Finally, the paper is summarized
in Section 5.

3. Methodology

The original idea is to reduce the network model size while
keeping detection accuracy. The lightweight module and
the attention mechanism SELayer [22] were used to reduce
the model size and keep the detection accuracy.

3.1. Motivation

Building a smaller, more efficient and accurate network
model has become a hotspot topic. At present, the
lightweight module is mainly designed for mobile devices.
It was deployed to the mobile device through reasonable
connections with some existing modules, such as dense
connection [23], residual module and group convolution.
However, the mobile device requires high real-time per-
formance and detection accuracy. In order to achieve this
target, it is necessary to reduce the whole network parame-
ter number reasonably rather than delete the convolution
layers blindly. The main goal is to reduce the model size
and achieve good detection speed and accuracy. The Ghost
module in GhostNet generates the same feature map num-
ber with fewer parameters and reduces the model size, but
the detection accuracy is decreased. In order to improve the
detection accuracy, the attention mechanism SELayer was
used to build the relationship between the feature chan-
nel and the feature space. It can learn the importance of
each channel automatically and suppress the information
that is not important to the current task. So the attention
mechanism SELayer is embedded reasonably.

3.2. The structure of YOLOv5s-Ghost-SE-DW

The whole network structure is shown in Fig. 1. Based on
the YOLOv5s, the new modules are reasonably embedded.
The Ghost module and the attention mechanism SELayer

is added to the backbone network respectively. The Ghost
module of 1×1 is used to replace BottleneckCSP. The Ghost
module of 2×2 is used to replace the convolution layer for
down-sampling and feature extraction. After extracting
features from images, the attention mechanism SELayer
is used to obtain the importance of each feature channel.
For a color image with three channels, the features are first
extracted from the backbone network, and then the fea-
tures are inputted into the PANet network. In order to
further reduce the parameter number, the DW convolu-
tion is used instead of the ordinary convolution. Finally,
the input feature maps are processed by up-sampling and
down-sampling to predict the category and bounding box.
The four-number set, for example, Focus (3,32,1,1), in Fig. 1
represents the input channel, the output channel, the con-
volution size and the step size; A number set, for example,
SELayer(128), represents the output channel. Up-sampling
uses the nearst interpolation and double sampling. × N
means the module is stacked N times.

3.2.1. Ghost module embedding

To reduce the network model size, the usual method is
model compression and pruning. The model is compressed
to make the model carry fewer parameters, so as to solve
the memory and speed problem. However, the lightweight
module focuses on the convolution method to design more
efficient networks. By optimizing and improving the con-
volution calculation in the network, the network parameter
number can be reduced without losing the network per-
formance. Inspired by the lightweight network GhostNet,
the original backbone network BottleneckCSP module in
the YOLOv5s was replaced by the Ghost module with the
step size 1 and the step size 2 respectively. The Ghost mod-
ule is shown in Fig. 2. The Ghost module mainly uses
fewer parameters to generate the same feature map num-
bers. It requires less computation cost and memory than
the ordinary convolution layer. Integrating into the existing
convolution neural network can reduce the computation
cost and the parameter number. In the Ghost module, the
feature maps are convoluted to get the H′ ×W ′ ×m feature
maps, and then the m channel feature maps are mapped
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Fig. 4. DW convolution

linearly. The GhostBottleneck consists of two stacked Ghost
modules. The first Ghost module is used as an extension
layer to increase the channel number. The second Ghost
module reduces the channel number.

3.2.2. SELayer embedding

In order to maintain the network detection accuracy, in
addition to adding Ghost moule, the attention mechanism
SELayer is also added to the backbone network. Essentially,
the convolution is feature fusion on a local area that in-
cludes space and channel. However, the convolution does
not consider the relationship between the feature channel
and the feature space because the attention mechanism SE-
Layer takes it into account. In the SELayer module, the
spatial dimension is compressed first by squeeze opera-
tion to get the 1×1×C feature maps. That is to say, each
feature map is pooled globally and averaged into a value.
Then, the importance of each channel is predicted by using
the full connection layer to get the importance of different
channels by excitation operation. Finally, a weighting op-
eration is performed to multiply the activation values of
each learned channel to promote important features and
suppress unimportant features. The SELayer module is
shown in Fig. 3

3.2.3. PANet modification

To further reduce the parameter number in the PANet net-
work, the ordinary convolution layers were replaced by
the DW convolution layer. The DW convolution is divided
into two steps, the Depthwise convolution and the Point-
wise convolution. The Depthwise convolution operates in
a two-dimensional plane, and the convolution kernel num-
ber corresponds to the depth. Each channel of the input
layer is convolved independently. The feature information
of different channels is not effectively utilized in the same
spatial location. So the Pointwise convolution, with the
kernel size of 1×1××M (where M represents the depth of
the upper output), is used to combine the previous feature
maps in the depth direction. The DW convolution is shown
in Fig. 4.

For an ordinary 2D convolution (where stride=1 and
padding=0), the input size is H×W×D, Nc represents the
convolution kernel number, the kernel size is h× h × D,

and h is an even number. For a random image with three
channels, the ordinary convolution parameters are Pconv

and the DW convolution parameters are PDWconv.

Pconv = (H− h + 1)× (W− h + 1)×NC × h× h×D (1)

PDWconv = (H − h + 1)× (W − h + 1)× NC × h× h× D

+ NC × 1× 1× D× (H − h + 1)× (W − h + 1)
(2)

PDW conv
Pconv

=
1

Nc
+

1
h2 (3)

During convolution, there are many output channels,
and the Nc number is much greater than h. Therefore, for
ordinary 2D convolution, it takes h2 times longer than DW
convolution, and the DW convolution reduces not only the
training time but also parameters number.

4. Experiment

4.1. Experimental settings

All experiments in this study are based on the pytorch deep
learning framework and are trained on a single NVIDIA
GTX2080Ti. Other configurations include Ubuntu 18.04,
CUDA 10.1, deep learning acceleration library CUDNN
v7.6 and Python interface environment.

4.2. Experimental datasets

For autonomous driving environment awareness, the large-
scale datasets provide the foundation for training and
benchmarks for different algorithms. KITTI [24] and
Cityscapes [25] datasets are widely used in the autonomous
driving field, such as vision range finding, 3D object de-
tection and 3D tracking. However, the dataset mainly lays
the foundation for algorithms, ignoring the problem of
long-distance driving. BDD100K is one of the largest au-
tonomous driving video datasets, which has a diversity of
geography, environment and weather [26]. Compared with
other datasets, it also has more comprehensive labels for
object occlusion and truncation. In addition to pedestrian
and vehicle detection, the datasets have been improved
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Table 1. Comparison of different datasets

Name
Conditions KITTI Cityscapes BDD100K

#Sequence 22 50 100,000
#Images 14,999 5000(+2000) 120,000,000

Multiple Cities No Yes Yes
Multiple Weathers No No Yes

Multiple Times of Day No No Yes
Multiple Scene types Yes No Yes

Table 2. Dataset training and test samples distribution

Datasets Train Valid Test
BDD100K 69863 10000 2000

to simulate the external environment in real-word condi-
tions. It is divided into ten categories: Bus, Light, Sign,
Person, Bike, Truck, Motor, Car, Train and Rider. In order
to achieve more precise classification, we classify the ob-
ject in the entire datasets into 13 categories and divided
the Sign into tl_red, tl_yellow, tl_green, tl_none and t_sign.
Table 1 shows the comparison between different datasets,
and Table 2 shows the number of the modified datasets.

The epochs are 300. The learning rate is 1×10-2. The
batch size is 32. The image input size is 640×640 and
the training phase is reduced by random gradient with a
momentum term of 0.937. These experiments show that our
improved algorithm achieves good results on the BDD100K
dataset. Furthermore, the model size is about one third of
the original model.

4.3. Ablation experiments

To clearly show the impact of different modules, the re-
sults were compared through ablation experiments. Table 3
compares different modules from four aspects: model size,
mAP (%)0.50, mAP (%)0.50:0.95 and FPS. The Ghost mod-
ule reduces the model size without decreasing the detection
accuracy significantly from Table 3. By adding the atten-
tion mechanism SELayer and DW convolution, the model
size is decreased from 9.64MB to 5.22MB; and mAP (%)
0.50 and mAP (%) 0.50:0.95 are reduced by 6.9% and 3.25%
respectively.

4.4. The comparison of real-time performance

The reference point of measuring real-time performance is
FPS, which depends on the test images and video resolu-
tions. With GeForce GTX 2060, we measured the total time
to test 2000 images on the BDD100K datasets. The ghost
module was mainly designed for mobile devices, and we
also use CPU to adopt the same operation. The average
value of testing time by 30 times is shown in Table 4. On

GPU, the overall test time of the YOLOv5s-Ghost-SE-DW
is longer than the YOLOv5s. On CPU, compared with the
YOLOv5s, the time is reduced by 22.95 seconds. The FPS
reaches 15.58. The real-time performance is increased by
27.5%.

The entire network is modified based on YOLOv5s. The
different modules were added to verify the hypothesis
through ablation experiments. Experiments show that our
network performs well on the improved BDD100K datasets.
The model size is 5.22MB and one third of the original
model. The average time to test a single image on the
CPU is 0.0629s. The entire network model is small, which
reduces the deployment cost. Our model still achieves good
detection results in the face of complex traffic conditions
including multi-scale, multi-object, rainy, night, snowy,
high light and so on shown in Fig. 5.

5. Conclusions

In this study, The YOLOv5s-Ghost-SE-DW algorithm is
proposed based on YOLOv5s. First, in order to reduce the
model size, the Ghost module is introduced to replace the
original module to extract features and reduce the parame-
ter number. Second, the attention mechanism SELayer is
embedded reasonably to fuse more features in space and
extract multi-scale spatial information to improve the de-
tection accuracy. Third, the DW convolution is proposed to
further reduce the model size. Finally, the different mod-
ule is verified by ablation experiments on the improved
BDD100K datasets. Through training on the improved
BDD100K datasets, the YOLOv5s-Ghost-SE-DW algorithm
performs better and can accurately identify the whole ob-
ject in complex traffic conditions.
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Table 3. Performance results of different modules on the BDD100K dataset

YOLOv5s YOLOv5s-Ghost-SE-DW
Ghost module X X X
Ghost module X X
DWconv X
Model Size (MB) 14.1 9.64 9.72 5.22
mAP (%)0.50 0.4657 0.4053 0.41 0.396
mAP (%)0.50:0.95 0.2312 0.1919 0.1939 0.1987
FPS 65.77 75.38 69.5 34.87

Table 4. BDD100K dataset performance on GPU and CPU

YOLOv5s YOLOv5s-Ghost-SE-DW
GPU Average test time(s) 65.92 91.67

FPS 65.77 34.87
CPU Average test time(s) 186.15 163.20

FPS 12.22 15.58

Fig. 5. Performance of our model under complex traffic conditions
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NOMENCLATURE

Alexnet Alex Networks
Cascade R-CNN Cascade Region-Convolution Neural Networks
Faster R-CNN Faster Region-Convolution Neural Networks
MR-CNN Multi-Region Convolution Neural Networks
PVANet Performance Vs Accuracy Networks
R-FCN Region-Fully Convolutional Networks
Resnet Residual Network
SELayer Squeeze and Excitation Layer
Soft-NMS Soft-Non Maximum Suppression
SSD Single Shot Detector
VGG Visual Geometry Group
YOLOv1 You Only Look Once v1
YOLOv2 You Only Look Once v2
YOLOv3 You Only Look Once v3
YOLOv4 You Only Look Once v4
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