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Abstract. With the development of intelligent transportation system, the detec-
tion method of traffic signs plays an important role in unmanned driving. However,
due to the real-time and reliability characteristics of the automatic driving system,
each traffic sign needs to be processed in a specific time interval to ensure the
precision of the test results. Automatic driving is developing rapidly and has made
great progress. Various traffic sign detection algorithms are proposed. Especially,
convolutional neural network algorithm is concerned because of its fast execution
and high recognition rate. But in the real world of complex traffic conditions,
those algorithms still have problems such as poor real-time detection, low preci-
sion, false detection and high missed detection rate. To overcome those problems,
this paper proposed an improved algorithm named as YOLO-RFB based on YOLO
V4 network. Based on YOLO V4 network, the main feature extraction network
is pruned, and convolution layer is replaced by RFB structure in two output fea-
ture layers. In the detection results of GTSDB data sets, the mAP of improved
algorithm achieves 85.59%, 4.76% points higher than the original algorithm, and
the FPS reaches 48.72, which is slightly lower than that of the original YOLO V4
algorithm 50.21.
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1 Introduction

In recent years, with the application of deep learning technology in the field of unmanned
driving, the commercialization of unmanned vehicles has gradually become the focus
and trend. Car companies and Internet companies are rushing to enter the self-driving
field. The automobile industry is a special industry, because it involves the safety of
passengers, any accident is unacceptable, so there are almost strict requirements for safety
and reliability. Therefore, in the process of studying unmanned driving, the precision,
real-time performance and robustness of the algorithm are highly required [1]. Traffic
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sign detection is one of the important parts of unmanned driving system, which plays an
important role in reducing safety accidents and assisting drivers in driving. Due to the
high requirement of real-time detection of traffic signs in the process of vehicle driving,
and the influence of light, weather and shooting Angle, it is difficult to detect traffic
signs in real time. In addition, due to the large number of traffic signs in the image,
the small target, the pixel value contains few features, which increases the difficulty of
traffic sign detection. Currently, there are four main detection methods for traffic signs,
which are color-based method, shape-based method, multi-feature fusion based method
and deep learning based method [2]. Among them, the detection method based on color
is susceptible to the influence of illumination and other factors, and its robustness is
poor under complex illumination conditions. The factors such as color difference and
complex background will also cause the loss of effective information. The shape-based
detection method has good robustness and strong anti-noise ability. However, due to
the large amount of computation and high requirements on hardware, it cannot meet the
requirements of real-time performance. The methods based on multi-feature fusion often
need to extract target features manually. The traffic sign detection method based on deep
learning can automatically extract target features and has good model generalization
ability, which has been widely used.

In this paper, on the basis of analyzing the problems existing in the application of
YOLO V4 network in traffic sign detection, the optimized YOLO V4 network can not
only quickly classify traffic signs, but also effectively improve the precision of traffic
sign detection. Firstly, this paper pruned the backbone network in YOLO V4 network to
reduce convolution operations and effectively improve the speed of the model without
losing too much performance. Secondly, anew module is added to the network to enhance
the feature extraction ability of the network by simulating human receptive field.

2 YOLO V4

As shown in Fig. 1, the network of YOLO V4 [3] consists of three parts: trunk network,
neck network and head network. Among them, the backbone network is CSPDarkNet53,
CSP [4] network is a new backbone network that can enhance the learning ability of
neural networks, and maintain precision, reduce computing bottlenecks and memory
costs while being lightweight. Darknet53 is the backbone network used by YOLOv3
[14], which combines the ideas of CSP network to form the CSPDarkNet53 network.
The neck network was SPP [5] and PAN [6]. SPP network is the same size of features
obtained by convolution of CSPDarknet53. PAN network has the structure of repeated
feature extraction, which improves the precision of small object detection. The head
network is responsible for the final prediction task.
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3 Improved YOLO V4

In this paper, the backbone network and feature extraction network are improved based
on YOLO V4 network model.

3.1 RFB

RFB [8] network is used for object detection, which can achieve good results while taking
into account speed. This network mainly introduces Receptive Field Block (RFB) into
SSD [15] network. The purpose of introducing RFB is to enhance the feature extraction
capability of the network by simulating the Receptive Field of human vision. In terms
of structure, RFB draw on the idea of Inception Mainly, dilated convolution [17] is
added on the basis of Inception to effectively increase the receptive field. The overall
improvement is based on SSD network to improve the detection speed while ensuring
the precision.

RFB introduced the concept of initial frame, that is in the center of the cell of
each characteristic graph set a series of scales and different initial box size, they will
reverse mapping to one of the original position, if the initial frame’s position at the right
moment and the location of the true target box overlap degree is high, then predict the
initial frame’s category by loss function and fine-tune the shape of these initial boxes to
make it match the actual target box of the tag [18].

The initial box has two main parameters: scale S and aspect ratio a. Assuming that
m feature graphs are used for prediction [20], the initial box calculation formula of each
feature graph is as follows:

Smax — Stmi
Sk = Smin + = — (k= 1), k € [1,m] )
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With the deepening of network layers (smaller feature graphs), the scale of initial
frames increases linearly. The minimum initial box scale is 0.2, and the maximum is 0.9.
It is the general scale design principle of RFB. The details are shown in Table 1.

Table 1. The default boxes size on each feature map

Index Feature map Feature map size Default box scale True size
1 Conv4_3 38 0.2 60
2 Conv7 19 0.34 102
3 RFB stride 2 10 0.48 144
4 RFB stride 2 5 0.62 186
5 Conv10_2 3 0.76 228
6 Convll_2 1 0.9 270

The width to height ratio of the initial box is set as follows:

1
ar€ (1,23,

1

-3}

(@)

The initial frame width and height on each feature graph can be obtained by the
following formula:

wi = Sk/ar
S

R
Jar

Added a square initial box for the initial box with an aspect ratio of 1:

S = V/Sk + Skt

The details of the feature map are shown in Table 2.

3.2 YOLO-RFB

3)

“4)

(&)

YOLO V4 has higher detection precision than previous algorithms, but it will take a long
time if the detection is carried out on the terminal with poor hardware performance. In
order to improve the detection speed and precision of traffic signs, this section studies

the YOLO V4 network and makes corresponding improvements [19].

The original YOLO V4 model replaced the trunk extraction network by DarkNet53
with CSPDarkNet53, using a CSPNet structure to enhance CNN’s learning ability and
maintain precision while being lightweight. At the output end, there are three charac-
teristic layers of different sizes, P3, P4 and PS5, whose sizes are 1/8, 1/16 and 1/32 of
the original input size respectively. After a convolution operation, the feature images
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Table 2. Characteristic graph and its size used in RFB network

Feature map Size
Conv4_3 38 *38
Conv7 19 %19
RFB stride 2 10 * 10
RFB stride 2 5*%5
Conv10_2 3%3
Convll_2 1*1

output by the two feature layers P3 and P4 enter the PANet structure for feature fusion.
Feature layer P5 needs to conduct a convolution operation, then enter SPP structure for
maximum pooling, separate context features, conduct another convolution operation,
and finally enter PANet structure for feature fusion. These operations enable the model
to extract the features of different scales and types effectively to a certain extent [7].

In the actual scene, traffic sign images often occupy a small area of the image, and
their appearance is also greatly affected by the environment. If the original YOLO V4
model is directly used for training and detection, the result is not ideal. And a large
number of experimental analysis show that the number of large target samples is often
more than small one in network model training, which leads to the lack of information
obtained by network model in feature extraction of small target samples, and small
targets cannot be fully trained. Therefore, the improvement of network model should
start with how to strengthen the ability of network model to extract small target samples
and increase the feature information.

In view of the fact that traffic signs are small size targets in images, as well as
environmental factors, the ideas of YOLO V4 model are referenced and modified in this
section to obtain the improved YOLO V4 network structure, YOLO-RFB, as shown in
Fig. 2. The main aspects of improvement of YOLO V4 network are shown as follows:

e The CSPDarkNet53 trunk extraction network was pruned to reduce the number of
Resblock_body in the three output feature layers from 8, 8, 4 to 2, 4, 4 respectively,
and reduce part of the convolution operation to improve the speed effectively while
the performance of the model is guaranteed as much as possible.

e The convolution operation required by P3 and P4 output feature layers is replaced with
RFB structure. RFB adds a wormhole convolution layer to Inception to enhance the
feature extraction capability of the network by simulating the receptive field of human
vision, so as to obtain higher semantic level and more global feature information. In
this way, the characteristic information of traffic signs, especially small target samples,
can be better extracted in the training process, and the performance of the network
model in traffic sign detection can be improved more effectively.
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Fig. 2. Network structure of YOLO-RFB

4 Experiment and Analysis

Experiments are carried out on GTSDB data set to prove the effectiveness of the improved
algorithm.

4.1 Common Data Sets

In the early 1990s, scholars from all over the world began to study traffic sign detection.
But until 2011, the lack of publicly available traffic sign data sets was a major problem.
In 2011, Traffic sign Detection and Recognition Competition was held in Germany,
which was based on German Traffic Sign Benchmark Data Set (GTSBD) [9], indicating
that traffic sign detection and recognition received high attention from the world. The
proposed public benchmark data set makes the traffic sign detection algorithm has a
unified evaluation standard, so as to compare the performance of the proposed network
model or algorithm, also promotes the research progress of traffic sign detection and
recognition.

GTSBD contains two data sets, German Traffic Sign Detection Benchmark (GTSDB)
[10] and German Traffic Sign Recognition Benchmark (GTSRB) [11]. The GTSDB data
set is used for the detection task of traffic signs, which contains 43 categories, which
are divided into three categories in the detection task: For Prohibitory, Mandatory and
Danger, a total of 900 images of driving scenes are available, and total of 852 traffic signs
are available. The training set contains 396 samples of prohibitory traffic signs (59.5%),
114 samples of mandatory traffic signs (17.1%) and 156 samples of danger traffic signs
(23.4%), and the test set contains 161 images of prohibitory traffic signs, 49 images of
mandatory traffic signs and 63 images of danger traffic signs. Figure 3 shows a sample
image from the GTSDB dataset.
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Fig. 3. Sample image in GTSDB dataset

4.2 Experimental Environment and Hyperparameter Setting

The experiment is completed under Ubuntu16.04 operating system. The hardware used
are as follows: CPU: Intel Core 19-10900K; GPU: NVIDIA GTX 3080 independent
graphics card, 10G video memory. Python3.6 is the programming language used, and
Pytorchl1.7 is the development framework for deep learning.

The GTSDB dataset was used in the experiment (see Sect. 4.1 for details). Using
the prior box of the original model cannot directly achieve the desired effect, since the
GTSDB data set is much different from the COCO data set tested by the original YOLO
V4. Therefore, k-means clustering method was used to obtain the prior boxes matching
the GTSDB data set before the experiment.

Since the results of multiple experiments have little influence on the experimental
results, Mosaic data enhancement and learning rate cosine annealing decay method are
used instead of Label Smoothing. Before the training and detection of the improved
YOLO V4 model, the original YOLO V4 model was first used to conduct experiments
on the GTSDB data set, and the results were recorded as experimental comparison data.
In the training process, the input size is set as 608 * 608, the batch size is 16, and the
initial learning rate is 0.001. The optimizer uses Adam with step_size = 1 and gamma
= 0.95. The total number of training steps (Epoch) was 400. In the first 200 steps, the
learning rate dynamic decline method was used. Starting from the 201th step, the initial
value of the learning rate was set as 1le—5. The cosine annealing attenuation method was
used to change the learning rate, and the value of the minimum learning rate was set as
le—8.

4.3 Evaluation Indicators

Mean Average Precision (mAP), Average Precision (AP), Precision and Recall are often
used to evaluate the detection effect of the model in the field of object detection, Frames
Per Second (FPS) and Giga Floating-point Operations Per Second (GigaFLOPS) were
used to evaluate the detection performance.
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Formula (6) and Formula (7) are the Precision and Recall calculation formulas. TP
represents the input of the positive sample that the model thinks is positive, FP represents
the input that the model misjudged as a positive sample, and FN represents the input that
the model misjudged as a negative sample.

presicion = TP /(TP + FP) (6)

recall = TP /(TP + FN) (7)

A PR curve can be obtained by using Precision and Recall as horizontal and vertical
coordinates, and the area under the PR curve is called AP index. The results of Precision
and Recall are comprehensively evaluated. The definition is as follows:

N
AP = " pk)ark) ®)

k=1

In Formula (8), p(k) is the precision corresponding to the change point k of recall
rate; Ar(k) is the change of recall rate corresponding to change point K. N is the number
of change points of recall rate; Different categories have different AP, i indicates the
index of the category.

mAP averages the AP of all classes. The definition is as follows:

1 m
mAP = — ZAP,- )
m
i=1

The loss function is generally used to evaluate the error between the predicted value
and the real of the model. It plays a key role in the speed of network learning and the
final prediction effect of the model. IOU [12] is a commonly used indicator in object
detection, used to reflect the detection effect between the prediction box and the target
box. It is defined as:

_|ANB
" JAUB]|

(10)

YOLO V4 uses CIOU [13] to replace the regression loss function of the original
BBOX. For object detection, it is necessary to encode the real frame after obtaining it
and transform it into the form of prediction frame, and then compare the prediction result
of the real frame with that of the network to optimize the network structure and make
the prediction of the frame more accurate. CIOU is an improved version of IOU with
the following formula:

P06

CIOU = 10U — 3
c

av (1)

Where, b and b8’ represent the central point of the prediction frame and the real frame
respectively; p? is the Euclidean distance of two central points; ¢ represents the diagonal
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distance of the smallest closure region that can contain both the prediction box and the
real box. Among them:

v

o=— (12)
1-10U +v

=2 et we tan )2 13

v—;(arcanﬁ—arcanz) (13)

av is positively correlated with the frame height difference between the real frame
and the prediction frame. CIOU refers to the deviation degree between the real box and
the prediction one, then the LOSS function is:

Zb’bgt
PPb.b%)

LOSScioy =1 —10U + 5

av (14)
C
In addition to detection precision, detection speed is another important index of the
object detection model. Real-time detection can be realized only when the speed reaches
a certain level. The current metric used to assess detection speed is FPS, which is the
number of images that can be processed per second. Generally speaking, when the FPS
of the model is greater than 30, it is considered that the model meets the standard of
real-time monitoring [16].

4.4 Experimental Results and Comparative Presentation

Detection precision and speed are very important in traffic sign detection tasks since
vehicles in the real world are usually running at high speed, the size and cost of the
network model in the vehicle system should also be considered. Therefore, the precision,
speed and Parameter of the detection model must be evaluated.

The dimension of prior box of the original YOLO V4 model is (12, 16), (19, 36), (40,
28), (36, 75), (76, 55), (72, 146), (142, 110), (192, 243), (459, 401). The dimension of
this group of prior frames is obtained by K-means clustering for COCO data set, while
the data set tested in this paper is GTSDB data set, so the dimension of prior frames needs
to be determined again. Therefore, before the experiment, K-means clustering method
was used to cluster the GTSDB data set to generate the dimensions of new prior frames
and obtain the dimensions of nine prior frames. (9, 15), (10, 18), (12, 20), (13, 22), (14,
25), (17, 29), (20, 34), (27, 45), (40, 66).They were assigned to the three feature maps
with different scales, and the smaller the prior frames were assigned to the feature maps
with larger scales.

The loss curves of training sets and test sets of the original YOLO V4 model and the
improved YOLO V4 model during training are shown in Fig. 4. As can be seen from the
figure, the fluctuation of loss function on the training set and test set of YOLO V4 model
is particularly severe during training, while the fluctuation of the model proposed is
relatively gentle and its curve drops faster, indicating that the improved model performs
better in the training process. Because YOLO-RFB model uses RFB module according
to the characteristics of traffic sign data set, which strengthens the semantic features
of feature graph, thus improving the generalization ability of network, making network
model very excellent in training effect.
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Fig. 4. Comparison of loss curve between YOLO V4 and YOLO-RFB
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Figure 5 shows the comparison of precision and recall curves (PR curves) of YOLO
V4 model and YOLO-RFB in the GTSDB data set of three traffic signs. The PR curves of
YOLO V4 model on three different traffic signs are shown on the left, and the PR curves
of improved YOLO V4 model on three different traffic signs are shown on the right. The
area formed by PR curve is the AP of the corresponding traffic sign type. The higher AP
is, the better the detection performance is. As can be seen from the data in the figure, the
improved YOLO V4 model has good detection performance, and the detection results
of each type of traffic signs are superior to YOLO V4. Because the improved YOLO
V4 model adds the RFB module to the original YOLO V4 feature output layer, which
can enhance the feature extraction ability of the network by simulating the receptive
field of human vision, obtain higher semantic level and more global feature information,
and detect traffic sign information more effectively. Thus, the performance of network
model in traffic sign detection task is improved.

Table 3 shows the detailed precision results of each traffic sign superclass, as well
as the Precision, Recall and average precision (AP) obtained by each detection model.
As can be seen from the test results in the table, the AP of mandatory traffic signs is
the lowest in almost all model test results, while there are obvious differences among
other types of APs. The prohibitory traffic signs achieved the best results in each model,
reaching 99.37% in the Cascaded model. These results are related to the distribution of
sample numbers in the GTSDB dataset (59.5% for prohibitory traffic signs and 17.1% for
mandatory traffic signs). Compared with the traditional two-stage traffic sign detection
model Faster R-CNN Resnet 50, YOLO-RFB model still has a certain gap in the detection
of compulsory traffic signs. YOLO-RFB model has significantly improved the detection
results of each superclass compared with the existing one-stage model. AP of prohibitory
traffic signs has increased by more than 5% points, and AP of danger traffic signs has
also been greatly improved.

Finally, the execution time of YOLO-RFB was compared with that of traditional
detection methods. Table 4 shows the mAP, FPS, GFLOP and Parameter obtained by
various detection models. According to the data in the table, the mAP of the two-stage
detection model is significantly higher than that of the one-stage detection model, but
its FPS is the lowest. This is because all the two-stage detection models are formed into
a series of candidate boxes as samples, and then the samples are classified through the
convolutional neural network. Automatic driving technology has high requirements for
real-time detection, and the detection speed of two-stage model is often not up to the
requirements. Although the mAP of the one-stage detection model is slightly lower, the
FPS is all over 40, which can achieve a stable real-time detection effect. The original
YOLO V4 model was a fast and accurate choice with a mAP of 80.83% and an FPS of
50.21. The performance of YOLO-RFB model in FPS is not significantly decreased, but
the performance of mAP is greatly improved, it can be seen that the improved model
has better performance, stronger robustness and better generalization ability.

As shown in Fig. 6, YOLO-RFB model is used to detect images of GTSDB data
set. The left image is the detection result of YOLO-RFB model, and the right is the
detection result of original YOLO V4 model. The score of visual detection is greater
than the threshold of 0.3. These images show three common scenarios: the first is a
normal driving scenario on the road, with an extra detection box on the right side of
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Table 3. The detection results of each traffic sign detection model on GTSDB

15

Model Class Precision (%) Recall (%) AP (%)

Faster R-CNN Prohibitory 91.38 98.75 98.62

Resnet 50 Mandatory 70.00 85.71 85.15
Danger 79.45 92.06 90.78

Cascaded Prohibitory 84.66 99.38 99.37

R-CNN Mandatory 76.67 93.88 92.58
Danger 86.76 93.65 93.52

MST-TSD Prohibitory 96.95 78.88 78.77
Mandatory 90.00 55.10 54.46
Danger 93.18 65.08 65.05

Yolov3 Prohibitory 92.31 89.44 88.73
Mandatory 79.07 69.39 65.70
Danger 94.55 82.54 82.06

YOLO V4 Prohibitory 88.02 91.30 89.48
Mandatory 77.55 77.55 72.51
Danger 88.14 82.54 80.49

YOLO-RFB Prohibitory 89.53 95.43 94.55
Mandatory 80.85 77.55 75.04
Danger 98.21 87.30 87.19

Table 4. Performance of traffic sign detection models on GTSDB

Model mAP (%) FPS GFLOP Parameter (10°)

Faster R-CNN 95.77 2.26 1837.54 59.41

Resnet 50

Cascaded 95.15 11.70 269.90 64.59

R-CNN

MST-TSD 66.10 42.12 7.59 13.47

Yolov3 78.83 46.55 62.78 50.59

YOLO V4 80.83 50.21 63.84 63.94

YOLO_RFB 85.59 48.72 81.06 71.89
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the image, which mistakenly identifies the background building as a traffic sign, while
the YOLO-RFB model does not detect; In the second scenario, driving on the street
with multiple traffic signs of different categories, the model can only detect one traffic
sign without improvement, while the improved model can well avoid the occurrence of
missed detection. The third is the scenario with multiple traffic signs on both sides of
the road. It can be observed that the unimproved model missed one traffic sign, while
the improved model can detect all traffic signs well. From the comparison of detection
results, it can be concluded that YOLO-RFB model performs well in the task of traffic
sign detection.

Fig. 6. The detection results of YOLO-RFB (left) and YOLO V4 (right) in GTSDB

5 Conclusion

This paper study the detection of traffic signs. The original YOLO V4 model is first used
for experiments. It is found that the original network model has a good performance
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in the detection speed, but the mAP is not enough. Therefore, a traffic sign detection
model YOLO-RFB based on YOLO V4 network was proposed. Based on YOLO V4
network, the main feature extraction network was pruned, and the convolution operation
was replaced by RFB structure in two output feature layers. In the detection results of
GTSDB, mAP of YOLO-RFB model reached 85.59%, higher than 80.83% of original
YOLO V4 model. Experimental results show that the proposed model can improve the
detection precision obviously while the detection rate remains stable.

While this article on the traffic sign detection task had certain research results, but
there are still some problems deserves further research, the model still has a lot of
optimization and improvement in future work, the model will be looking for more suitable
for traffic sign detection feature extraction of the network and data sets, further enhance
the speed of the model test and precision.
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