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ABSTRACT To explore the relationship between traffic sign detection performance and driving sight
distance in haze environment, this paper proposed a UV correlation model among sight distance, haze grade
and traffic sign detection performance. First, the German traffic sign data set (GTSDB) is synthesized into
experimental data set according to three levels of light haze, haze and dense haze. The Faster R-CNN model
is utilized to detect the traffic signs after dehazing by Guided Filter Dehazing Algorithm. The detection
accuracy is as high as 95.11%, which shows that the model has strong generalization ability and adaptability.
Second, the weight is determined by haze, taking the driving sight distance as U layer and the detection result
of Faster RCNN model as V layer, establishing the UV correlation model. Finally, KM algorithm is used
to solve the correlation model, and the best matching result between UV layers is gained. The experimental
results show the haze level significantly affects the driving sight distance, and then affects the detection
accuracy of traffic signs. When the driving Sight distance threshold is 300 meters, 100 meters and 50 meters
in light haze, haze and dense haze, the KM algorithm obtains the detection accuracy levels of A (higher
than 93%), B (88%-93%) and C (85%-88%), respectively.

INDEX TERMS Driving sight distance, faster R-CNN, haze environment, traffic sign detection, UV

correlation model.

I. INTRODUCTION

Road signs are the basic facilities to guide road users
to use the road orderly, inform road users of the right
of way, and announce road conditions and traffic condi-
tions [1]. Accurate and efficient detection of traffic signs
is of great significance to ensure the safety of autonomous
vehicles. However, in the haze environment, the line-of-
sight is disturbed, which shortens the driving sight distance.
It brings significant challenges to detect the traffic signs.
The research of autonomous vehicle traffic sign recogni-
tion and detection mainly adopts machine learning, deep
learning and other methods. With the development of deep
learning theory, the improvement of CNN,VGG,YOLO and
other neural networks has been widely used in traffic sign
recognition and detection [2], [3], [4], [5], [6], [7], [8], [9].
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Tabernik [2] used Mask-RCNN to detect and recognize
large-scale traffic signs. The improved method is employed
to experimental evaluation, and the error rate is less than 3%.
Wang [3] obtained a model that can classify traffic signs
through Caffe, and enabled it to recognize traffic signs in
real scenes. Yuanyuan [4] improved the VGG16 network
to detect small and dense traffic signs. Qiyuan [5] based
on the improved YOLOV3, detects traffic signs in complex
environments. The idea of residual dense network is used
to realize the reuse and integration of multi-layer features
of the network. Arman [6] proposed a new lightweight
CNN architecture. Measure based on GTSRB and BTSCD
datasets, and retrain the network model using transfer learn-
ing. Hechri and Mtibaa [7] uses HOG features and SVM to
classify traffic signs and recognize them through a convo-
lutional neural network. Wang [8] proposed improving the
accuracy of traffic sign recognition based on a deep cas-
cade network with cascaded sub-networks. The speed sign
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detection based on a complex environment has achieved good
experimental results. Zhang et al. [9] proposed a cascaded
R-CNN to obtain multi-scale features of pyramids to detect
traffic signs. Then the detection accuracy is enhanced by
multi-scale attention and data expansion. The method is used
in GTSDB, CCTSDB and reliable experimental results have
been achieved in datasets such as LISA.Besides improving
the model, many scholars also put forward innovative exper-
imental methods to identify and detect traffic signs [10],
[11], [12], [13], [14], [15], [16], [17], [18], [19], [20] Li and
Wang [10] designed and implemented a detector using the
framework of Faster RCNN and the structure of MobileNet.
Arcos-Garcia et al. [11] proposed a deep learning method for
traffic sign recognition system. Li ef al. [12] put forward the
deep learning method of DeepSign to study the task of traffic
sign recognition. Zhang et al. [14] put forward TSR algo-
rithm on the basis of improving LeNet-5 algorithm. Aziz and
Youssef [17] proposed a novel and effective traffic sign recog-
nition method based on the combination of complementary
feature set and discriminant feature set. Nadeem et al. [18]
proposed a method around deep learning. Firstly, the model
was pre-trained on the German traffic sign data set. And
then the model was fine-tuned using the Pakistani data set
(359 different images). The models proposed by these schol-
ars have obtained excellent experimental results, which can
efficiently and accurately detect and identify traffic signs.
Cao et al. [19] proposed an improved sparse R-CNN model,
and further improved the existing backbone network. Exper-
iments on TT100K data set show that this method has good
accuracy and robustness. Ren et al. [20] proposed a new type
of real-time traffic sign detection system, which uses deep
separable DetNet(DS-DetNet) lightweight backbone network
and lightweight feature pyramid network (LFFPN) to realize
feature fusion.

The above research is mainly aimed at the visual recog-
nition of autonomous vehicles in normal driving environ-
ment. At present, research on traffic sign recognition and
detection in special environments such as haze has attracted
notable attention [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30]. Hodges [21] used Siamese network to create
a new training method of image dehaze model based on
deep learning. The model achieves superior performance with
multiple image quality metrics, as well as improvements in
object detection. Yan et al. [22] used a dark channel priors
and support vector machines to dehaze and classify speed
limit signs. A seven-layer convolutional neural network is
employed for identification. The recognition rate of the model
for speed limit signs is 98.51%, which is better than human
performance. Xinxiu et al. [23] used IRCNN to remove the
haze. A multi-channel convolutional neural network model is
proposed to recognize dehazed images. And its recognition
effect is common and its adaptability is strong. Wiesemann
and Jiang [24] studied the effect of haze on traffic sign detec-
tion and simulated the visibility using a haze model, validat-
ing the performance of the detection method. Ma et al. [26]

VOLUME 10, 2022

used dark channel prior algorithm based on guided filtering to
process foggy images, and detected them based on improved
YOLOV3 detection algorithm. Anthony and Biswas [27] used
machine learning technology and convolutional neural net-
work to realize real-time traffic sign detection in fog.

In the haze environment, the driving sight distance has a
significant impact on the detection and recognition of traffic
signs. Deng et al. [31], based on limited sight distance, used
hierarchical driving behavior assessment to observe danger-
ous driving behavior in haze. The experimental results can
inform actions to improve road safety during heavy haze.
Belaroussi and Gruyer [25] produced images of traffic signs
including haze and no haze. And according to the density of
haze to measure the distance required to detect the marker
and the meteorological visibility distance and its influence
on safety. Discetti and Lamberti [32] specially developed a
mathematical model to study the relationship between sight
distance and sign position. The warning curve of insufficient
sight distance was investigated.

In order to verify the detection performance of traffic
signs in haze environment, the relationship between driv-
ing sight distance, haze level and detection clarity of traffic
signs is comprehensively considered. We established a UV
correlation model. KM algorithm is introduced into traf-
fic sign detection experiment for the first time to discuss
the relationship between sight distance, haze level and traf-
fic sign detection effect. In addition, different from other
papers on haze removal, we study the haze degree in dif-
ferent grades, and the comparative experiment can reduce
the experimental error to a certain extent. Using the guided
filtering algorithm to improve the traditional dark channel
prior theory, it can not only remove haze efficiently, but
also remove the noise on the image. Faster R-CNN model
is used to detect traffic signs on the haze-removed images.
Based on the experimental results, the influence of different
sight distances on traffic sign detection in haze environment
is discussed.The main contributions of this paper are as
follows:

(i) In order to avoid experimental errors, this paper studies
the classification and refinement of haze. Based on the prior
theory of dark channel, the guided filter is used to improve it.
The improved method can not only remove the haze of traffic
signs, but also eliminate the bad phenomena such as white
edge and halo effect, and denoise the images.

(ii)) The UV correlation model established in this paper
can well explore the relationship between haze, traffic signs
and the threshold of sight distance. This paper applies
KM algorithm to traffic sign detection for the first time.
KM algorithm is used to analyze and solve the proposed UV
model. Finally, the influence level of sight distance thresh-
old on traffic sign detection effect in haze environment is
obtained.

(iii) he experimental method adopted in this paper is quick
and simple, and can be extended to other data sets.

The experimental process is illustrated in Figure 1.
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FIGURE 1. Experimental modeling process.

Il. MODEL ESTABLISHMENT

A. DEHAZING MODEL

1) ATMOSPHERIC SCATTERING MODEL

In computer vision, atmospheric scattering models are widely
used:

I(X) =J(X)t(x) + Al — t(X)) (1)

Among them, /(X) is the image to be dehaze, J(X) is the
image to be restored without haze, A represents the global
atmospheric light component, and #(x) is the transmittance.
The current known condition is /(X) and the target value
J(x) is required. The three unknowns make the equation have
infinite solutions, so a prior is required.

2) DARK CHANNEL PRIOR ALGORITHM

Hek et al. [33] experimental teams proposed a dark chan-
nel prior model to perform statistical analysis on a large
number of haze-free images. Then, the haze distribution is
estimated based on the atmospheric scattering model. Satis-
factory defogging effect is obtained.

The dark channel means that in the local area of most
images, one or more of the three color channels of R, G, and B
have gray values with some pixels that are very small or even
close to 0. For any input image, the size of the dark channel
of the point value can be solved by the following formula:

Jdark (x) = min |:
YEQAx)

. c
amrw] o

Among them, 2(x) is the local area centered on x in the
input image, J¢(x) is the gray value of one channel in the
corresponding image area, and J 4,4 (x) is the minimum value
of a pixel in the three channels of R, G and B. The dark
channel prior theory points out that the dark channel of the
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output haze-free image J(x) tends to zero for non-sky areas.
According to the atmospheric scattering model, assuming that
the atmospheric light value A is known, the formula (1) is
transformed to obtain:

1€ J¢
Ag)zt@)Ag)+l—t@) 3)

The transmittance 7(x) of each window is assumed to be
a constant and recorded as 7(x). When the value of A is
known, the minimum value of both sides of equation (3) can
be obtained twice at the same time.

. [ . IC(x)]
min min

yeQ)| ¢ AC

f0) mi . JW)
= 7(X) min min
yeQy| ¢ AC

}+1—H@
“)
According to the dark channel prior theory:
. min
Jdark (X) = ygg(r)lc) |:C e {r, g, b}

Substitute equation (5) into equation (4) to get the esti-
mated value of transmittance ¢.

min minI€ (x)
yeQx)| ¢ A€

JC(x)i| =0 5)

Tx)y=1- 6)

In real life, smog is everywhere. Even on sunny days, there
is still some particulate matter in the air. Therefore, in order
to ensure the depth of field of the human eye, it is neces-
sary to maintain a certain degree of haze during dehazing.
The estimated transmittance are corrected by introducing a
factor between 0 and 1 (typically w = 0.95), as shown in
equation (7):

T)y=1-

min |:minlc (x) :| @

wyeQ(x) c AC
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When the atmospheric light value A is unknown, the dark
channel algorithm can effectively remove haze. By in the
original haze image, the extracted pixels are 0.1% before
the brightness, and then the atmospheric light value A is
set as the highest brightness point value in the input image.
To avoid that the transmittance is too small to cause the
haze-free image to be excessively white, the lower limit value
of transmittance #q is taken as 0.1. When ¢t < g, t = 9 = 0.1.
The transmittance and atmospheric light value are substituted
into formula (1), and the restoration formula of the sorted
image is as follows:

7 I —-A
) = max|t (x), to]

®)

3) GUIDED FILTER DEHAZING ALGORITHM

Because the calculated transmittance is relatively rough, the
image effect obtained only by the above method is difficult
to meet the experimental needs [34]. To effectively avoid
the white edge and halo effects, the method of guided fil-
tering is used to improve the dark channel prior algorithm
by refining the transmittance map. Suppose the image is a
two-dimensional function that cannot be expressed analyt-
ically, so the input and output of the function satisfy the
following linear relationship in the two-dimensional window:

qi = arl; + by (Vi€ wy) )

where ¢ and i are the output pixel and input image values,
respectively, I, k are the pixel indices, and a and b are the
coefficients of the linear function when the window center is
at k. Equation (9) can effectively remove image noise.Taking
the gradient on both sides of the above equation, we can get:

Vv, = avl (10)

Next, find the linear regression coefficients and minimum
values of the following formulas:

E(ar, b) = Y (i + b —p)*+ € a®) (1)
iewk
By the least square method, we can get:
o Doiew dipi — ukPr)
ok2+ €
by = pr — axuk (13)

(12)

ap =

where uy is the average value in window wyg, ak2 is the
variance in window, |w| is the number of pixels in the window,
and Py is the mean of the image p in the window wy to be
filtered.

Calculates the average of all linear function values at a
point. The output value at this point can be obtained:

1 _ -
%= D (ak +be) = aili + b (14)
This method can achieve edge preservation and smoothing
effects. Its processing time is relatively short, so it has strong
practicability. Its greatest advantage is to make the output

iewk
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and input images as gray as possible. At the same time, it is
ensured that the gradient of the output image is similar to that
of the guide image, to retain the essential characteristics of
the image.

Dehaze using an improved dark channel dehazing algo-
rithm. The treatment effect is shown in Figure 2. Among
them, Figure 2 contains three different levels of haze ren-
derings of light haze, haze and dense haze. As the haze
increases, the visibility of traffic signs becomes worse due
to the enhanced line-of-sight interference. The sharpness of
the dark primary color image decreases as the haze increases.
After the image is dehazed, the recognition clarity of the
traffic sign image is enhanced, which is beneficial to the
visual recognition and driving safety of autonomous vehicles.

Figure 2 Subjectively evaluates the experimental results of
haze removal by guided filtering. Table 1 objectively evalu-
ates the experiment. By comparing the peak signal-to-noise
ratio (PSNR) and structural similarity (SSIM) of the dark
channel haze removal experiment and the guided filter haze
removal experiment, it can be seen that the experimental
results of the guided filter haze removal algorithm under the
conditions of light haze, haze and thick haze are better than
those of the dark channel prior haze removal experiment.

TABLE 1. Comparative evaluation of two dehazing algorithms.

PSNR SSIM
dark channel  guide filter ~ dark channel  guide filter
light haze 25.6389 28.8428 0.7653 0.8767
haze 22.5271 28.2237 0.6989 0.8021
dense haze 19.2995 24.8029 0.6342 0.7045

B. TRAFFIC SIGN DETECTION MODEL

1) FASTER-RCNN

Traditional detection frame generation process is slow.
Adaboost [35] uses a combination of sliding window and
image pyramid to complete the detection frame generation.
SS (Selective Search) method is used to generate detection
boxes in RCNN. In contrast, Faster R-CNN [42] improves
on its drawbacks. The RPN network is therefore proposed
replacing the traditional candidate region generation method.
The sliding window and SS method are removed to realize
end-to-end training. Meanwhile, RPN and Fast R-CNN share
convolutional features, which greatly reduce the training
time. ROI (Region of Interest) pooling uses max pooling to
fix the ROI on the feature map and thus the feature map size.
Use NMS (Non-maximum Suppressing) technology to filter
the number of candidate frames to get the highest detection
result.

To speed up extracting candidate regions and overcome
the problem of poor robustness of artificially designed fea-
tures, this paper uses the Faster R-CNN model in object
detection. The RPN is used to generate proposal candidate
regions. The detection network is utilized to classify and
locate pedestrian objects. The traffic sign detection process
is illustrated in Figure 3, where Faster R-CNN includes RPN
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FIGURE 2. Comparison of dehazing performance with different haze.

and detection network. The whole process of traffic sign
detection is divided into input image, calculation of convolu-
tion features through VGG16, extraction of initial candidate
regions. The RPN is used to generate more accurate candidate
regions, and the detection network is used for classification
and regression calculation to obtain the rectangular frame of
traffic signs.

2) DETECTION AND TRAINING

The RPN network is transferred to the ROI pooling layer for
pooling operation, and a fixed-size candidate region feature
map is generated. Classification and bounding box prediction
are performed on these features. The detection network has
two parallel output layers. The output of the classification
layer is the probability distribution p = (pg, p1) of each
bounding box over the two classes of traffic signs and non-
traffic signs. Output of the border regression network is the
border position parameter, t* = (t)’f, t;‘, tfw, tfh), and k repre-
sents the category. The bounding box regression network and
bounding box classification network is trained by a joint loss
function, namely.

L(p.u,t",v) = Las(p, ) + Alu = 1]+ Leeg (1", v)  (15)

where Le(p, u) =og(p,) is the logarithmic loss of true
category u. Lreg will only be activated when the area to be
detected is a traffic sign, that is, p % i = 1. In order to get
accurate rectangular frame, two groups of parameters are
defined: the real frame of category u, v = (vy, vy, Vi, Vi),
and the predicted frame of category U, t* = (ty, ty, tw, tp).
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The detailed process is as following.

X — Xg4 w h
Iy = sty = —Ya) lo =log —, 1, =log — (16)
Wq Wq ha

where (x,y, w, h) is the center coordinate and frame width
and height of the real target traffic sign, and (x4, y4, Wa, ha)
is the center coordinate of the candidate area and the width
and height of the area. The loss of border regression layer is

Lyeg (*,v) = > Smothy, (1 —vi) (17)
0.5 x2, x| <1

Smoth;, = 18

mothy, (x) |x| — 0.5, else (18)

In this paper, a two-stage Faster R-CNN model is used to
detect traffic signs after dehazing. First, modify the size of
the input image to 1360 x 800, and extract features through
the VGG16 network. Then, the feature vectors are introduced
into the RPN layer and the ROI Pooling layer for multi-scale
prediction. Finally, the fully connected layer and the softmax
function are used to classify and output the detection results.

C. MODEL OF DRIVING SIGHT DISTANCE IN HAZE
ENVIRONMENT

Driving sight distance refers to the longest distance that a
driver can continuously see obstacles at a certain height in the
lane in front of the road. Or see the traffic facilities and road
markings in front of the road from the normal driving posi-
tion [36]. Safe driving sight distance refers to the minimum
distance to take timely measures to prevent traffic accidents,
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including reaction distance, braking distance and safe parking
distance [37]. The process of visual recognition of traffic
signs by vehicles is presented in the following Figure 4.

In the figure, L1, L2, L3, L4, LS5 are the identification dis-
tance, reading distance, decision-making distance, adjust-
ment distance and safety distance, respectively. The sight
distance involved in this article refers to the distance range
from the visual recognition point to the point where the traffic
sign is located.

In the haze environment, the visibility is reduced, the line
of sight is blocked, and the visible distance is shortened.
At the same time, due to the scattering and absorption of light,
the brightness of objects is decreased, making it difficult to
detect and identify traffic signs, which bring security risks.
Consult data [38] to get the relationship between road haze
and sight distance.As shown in Table 2.

TABLE 2. Relationship between visibility, haze level and sight distance.

type Visibility (m) sight distance (m)
light haze <1000 300~500

haze 200~500 50~150
dense haze 50~200 <50

It can be seen from Table 2 that there is a correlation
between the driving sight distance and the haze level in
haze environment. They affect the detection performance of
traffic signs. Therefore, a UV correlation model between the
sight distance, haze and traffic sign detection performances is
established. As showing in Figure 5.

As showed in Figure 5, in the established correlation
model, the U layer is the sight distance layer. L, M, and S rep-
resents long, medium, and short sight distance, respectively.
The V layer is the traffic sign detection accuracy, and its
value is divided into three grades A, B, and C according to the
experimental results. W is the weight, and its value depends
on the haze. The relationship matrix of this model is given in
Table 3.
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TABLE 3. Relationship matrix of related models.
A B C
L W11 W12 W13
M W21 w22 w23
S W31 W32 W33

Ill. EXPERIMENT AND ANALYSIS

This article relies on the implementation of python and deep
learning theory Tensorflow framework. The hardware config-
uration is: 12th Gen Intel(R) Core(TM) i5-12400F 2.5 GHZ,
CPU memory is 32GB,GPU is NVIDIA GeForce RTX 3060.
The operating system is win10, and the development platform
is Visual Studio 2017.

A. DATA PREPROCESSING

The paper uses the German Traffic Signs Dataset
(GTSDB)(URL:http://benchmark.ini.rub.de/?section = gtsdb
&subsection=dataset) for performance training and testing,
which include 600 training images and 300 testing images.
In the experiments, two objects, cars and traffic signs, were
marked. Most of the images were taken in good lighting
and no haze. To obtain images in haze environments, image
haze synthesis processing is performed on the dataset. Three
different levels of haze images (light haze, haze, and dense
haze) are synthesized in the experiments. It simulates the
image of the road environment visually received by an
autonomous vehicles in a hazy environment. Affected by
haze, the clarity of traffic signs observed at different sight
distances is different. Referring to Section II.C above, setting
the sight distance thresholds of light haze, haze and dense
haze to 300, 100 and 50 meters, corresponds to long, medium
and short sight distances.

Clarity of traffic signs varies greatly due to different haze
levels. When the distance between the image capture point
and the traffic sign is constant, the observed sharpness of
the traffic sign in light haze conditions is higher than that
in haze and dense haze conditions. However, due to the
different degree of interference of haze on the sight distance,
visual distance and the detection performance of traffic signs
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FIGURE 4. The process of vehicle recognition of traffic signs.

FIGURE 5. Correlation model of sight distance, haze and traffic sign
detection performance.

under different levels of haze are also different. As showed
in Figure 6, when the distance between the autonomous
vehicles and the traffic sign is 50 meters, the traffic sign can
be observed in all three types of haze. When the distance
between the vehicle and the traffic sign is about 100 meters,
the visual distance in the dense haze environment is limited,
and no traffic signs 50 meters away can be observed. There-
fore, it cannot be detected. When the distance between the
shooting point and the traffic sign exceeds the visible distance
threshold, the traffic sign cannot be detected and recognized.

In this paper, guided filtering dehazing and Faster R-CNN
model are used for research. The purpose is to explore the
change rule of traffic sign detection performance in different
haze environments, so as to ensure the safety of autonomous
vehicles in haze environments. In this experiment, guided
filtering dehazing algorithm is used to dehaze datasets with
different haze. Then, based on different sight distances, the
traffic sign data set is trained. In this model, VGG-16 is
used as a shared convolutional neural network, and features
are transferred to RPN network for secondary classification.
At the same time, they are aggregated to produce the fea-
ture map of the candidate region. Finally, classification and
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regression are carried out to detect the category and location
of the object. During the experiment, we set the parameters as
follows: the weight attenuation is 0.0005, the initial learning
rate is 0.001, and it is 1/10 of the initial value after 5000 itera-
tions, totally 10000 iterations. The momentum coefficient in
random descent is 0.9.

B. EXPERIMENTAL RESULTS AND ANALYSIS

1) EVALUATION INDEX

Average precision AP (Average Precision) and mAP
(meanAP) are used as training evaluation metrics. AP is
the average of the precision values at different recall rates.
It reflects the learning performance of the model in different
categories.Its calculation formula is as follows.

1 N
AP:EXSP

where N represents the total number of input pictures. P indi-
cates the classifier’s ability to distinguish between positive
and negative samples, that is, precision.

MAP is the average value of AP, and the performance
of the model is further measured on the premise of AP. Its
calculation formula is as follows.

N
AP
mAP = Zl—
N( classes )

19)

(20)
where N(classes) represents the total number of classes.

2) PERFORMANCE OF GTSDB IN HAZE

Object detection algorithm mainly include one-stage and two-
stage algorithms. Among them, SSD, YOLO and Retinanet
are typical in one-stage object detection. Typical algorithms
in two-stages include SPPnet, Faste RCNN and R-FCN. Train
these six algorithms on the same data set and system, compare
their performance and computational cost. The experimental
results are shown in Table 4. The values in the table are the
average values of experimental results under light haze, haze
and dense haze.
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TABLE 4. Algorithm performance comparison.

accuracy_haze-free(%)  accuracy_haze(%) map test time(s)  train time(s)

One-stage:
RetinaNet [39] 89.76 76.49 72.88 3.95 5.68
YOLOX [40] 92.43 79.85 78.22 6.94 9.01
SSD [41] 93.23 83.50 74.99 2.51 3.97

Two-stage:
R-FCN [42] 90.77 82.69 75.58 34 7.34
SPPnet [43] 89.96 80.58 74.32 9.14 12.93
Fater RCNN [44] 94.18 83.87 78.36 4.53 9.04

According to the data in the table, on the same hardware
and software platform, the Fater RCNN model shows excel-
lent performance in terms of accuracy, calculation time cost
and mAP.

The Fater RCNN model is used to train traffic signs with
three different haze levels, and the specific experimental
results are shown in Table 5.

TABLE 5. Training results different grade.

visibility range Long Medium Short
sight distance  sight distance  sight distance
sight distance (meters) 300 100 50
AP of Car (%) 78.81 80.34 84.89
AP of Traffic sign ( %) 78.20 77.19 70.20
MAP (%) 78.51 78.76 77.55

Under the three haze conditions, the PR curves trained by
the Faster R-CNN model are shown in the following Figure 7.

Combining the above chart and comparing the experi-
mental data of model training, it can be seen that in the
haze environment, the AP value of traffic sign detection
of different sight distances is above 77%, and the average
mAP value is above 78%. The three models achieved high
accuracy on AP and mAP, indicating that the model has
good training effect and learning performance under three
sight distances. In addition, to verify the recognition effect
and performance of the trained model on traffic sign images
with different sight distances, the images in the test set are
tested.It can be observed in the test result graph that when the
haze level increases, the visual distance of the autonomous
vehicles becomes shorter due to the increase of line-of-sight
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interference. At the same time, the detection performance of
the model on traffic sign images decreases. When the haze
increases and the traffic sign image observation distance is
long, false detection and missed detection may occur. Part
of missed detection and false detection results are shown in
Figure 8.

Haze and dehazed datasets are tested at three different sight
distances: long, medium and short. The test results for the test
set are sorted out, as showed in Table 6.

TABLE 6. Test dataset results.

Visibility 300 m 100 m 50 m
range (Light haze) (Haze) (Dense haze)
Haze After Haze After Haze After
image dehaze image dehaze image dehaze
Accuracy (%) 85.11 95.75 84.75 93.99 81.76 92.81
Loss(%) 2.03 0.45 3.04 0.45 6.52 0.48
False detection 19 19135 2557 158 4048  1.90
rate (%)

The Figure 9 shows the distribution of model test accuracy
under three haze conditions.

It can be observed in the normal probability diagram that
detection accuracy under the three haze environments is
concentrated between 0.9 and 1, indicating that the detec-
tion performance of this experiment is excellent. Experimen-
tal results of comparison of dehazing performance. Under
the condition of light haze, the threshold of sight distance
is 300 meters, and the recognition rate of hazy images is
85.11%. The image recognition rate after filtering and dehaz-
ing algorithm is 95.75%. After dehazing, the recognition
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FIGURE 7. The PR curves trained by the faster R-CNN.

efficiency is improved by 10.64%. The missed detection rate
and false detection rate of hazy images are higher than those
of traffic sign images after dehazing. The false detection rate
of the hazed image is 14 times that of the dehazed image.
Under the condition of haze, the threshold of sight distance
is 100 meters, and the traffic sign recognition detection rate
of dehazed images is as high as 93.99%. Under the same
conditions, the detection rate of hazy image is only 84.75%,
which is lower than 9.24% of haze-free image. The missed
detection rate and false detection rate of haze images are
6.75 times and 16 times that of dehazed images, respectively.
Under the condition of dense haze, the shortest threshold of
sight distance is 50 meters. After dehazing, the detection and
recognition rate is 92.81%, while the hazy image is 81.76%.
The missed detection rate and false detection rate of haze
images are 13.58 times and 21.31 times that of dehazed
images respectively.To sum up, the experiment shows that the
detection results of traffic signs are greatly affected by haze.
The tilt angle, shooting distance and height of the image have
no obvious influence on the experimental results.
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According to the experimental results of Faster R-CNN
model, three training models with different sight distance
thresholds are obtained. Under different models, three kinds
of environmental traffic sign images are detected: light haze,
haze and dense haze. The variation trend of the accuracy,
missed detection rate and false detection rate of this exper-
iment is shown in Figure 10.

Comparing the three index values before and after dehaz-
ing in Figure 10, it can be seen that the traffic sign detection
experiment after dehazing is obviously better than that before
dehazing, which verifies the effectiveness of this image haze
removal experiment from the side. Comparing the visual
results of long, medium and short horizontal sight distances,
it shows that the missed detection rate and false detection rate
are obviously the lowest and the detection accuracy rate is
the highest when the sight distance is far away. In the case
of short sight distance, the evaluation value of each index is
the worst. Figure 10 shows the horizontal and vertical com-
prehensive evaluation, it can be seen that in the detection per-
formance of traffic sign images with different sight distances,
the haze-containing image and the image after dehazing have
similar laws. The detection accuracy decreases with the short-
ening of the sight distance, while the false detection rate and
the missed detection rate increase with the shortening of the
sight distance. The detection accuracy of dense haze images
is abnormal. The reason is that when the haze is too heavy,
the line-of-sight interference will be strengthened, and the
missed detection rate and false detection rate of traffic signs
will increase. Only traffic signs within the visible range can
be detected, and the detection accuracy is correspondingly
improved.

3) SOLVING AND ANALYSIS OF CORRELATION MODEL
BASED ON KM ALGORITHM

Different haze environments have distinct effects on the driv-
ing sight distance. Therefore, w values were determined to
be 3,2 and 1 under light haze, haze and dense haze conditions,
respectively. According to the experimental results of traffic
sign detection in haze environment, the accuracy rate of more
than 93% is grade A, and the value ranges of grade B and
grade C are 88%-93% and 85%-88%, respectively. When
there is a conflict between weighted paths, the path with the
larger weight is expected to be adopted. Then the relational
matrix of the relational model is shown in Table 7.

TABLE 7. The relationship matrix is obtained through experiments.

wn Z

S O WP
W W | T
— ol

Given the UV correlation model in the sorted state, it is
abstracted into two point sets U and V. The points U; and
V;in U and V represent the i-th row and j-th column in
Table 2, respectively. [(i, j) represents the edge connecting U;
and V;. The weight w(i, j) here is the number of incompatible
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FIGURE 9. Test set statistics under different haze.

into the j-th row. The problem of increasing the correlation
digits between U; and V}, indicating the “detection accuracy” between the test set and the principal component matrix is
required to put the vector in the i-th row in the UV model transformed into the complete matching problem of bipartite
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FIGURE 11. Bipartite graph matching model.

graph [45], which requires the highest matching *‘detection
accuracy”’. KM (Kuhn-Munkras) algorithm [46] is used to
find an exact match and adjust the order of test sets according
to the information contained in the match. KM algorithm,
as an algorithm for solving bipartite matching, introduces
the concepts of feasible vertex and equal subgraph com-
pared with Hungarian algorithm [47], thus completing greedy
expansion of Hungarian algorithm [48] and obtaining the best
complete matching. The whole process of the algorithm is as
follows.

Stepl1: initializing the value of the feasible bid; It is stip-
ulated that /,(u) and [,(v) respectively record the top label
values of nodes in sets u and v. Initially, the value of /,(u;)
is set as the maximum weight w(y;, v;) of the edge e(u;, v;)
associated with u;, so that 1,(v;) = 0 and [,,(u;) + L,(v;) <
w(u;, vi).

Step 2: Find the complete matching of equal subgraphs by
Hungary algorithm; Hungary uses the augmented path to find
the maximum match, and by finding an augmented path p,
a larger match is obtained in the inversion operation to replace
the initial match until the augmented path cannot be found.

Step 3: Modify the value of the feasible bid; For the visited
vertex u, subtract d from its feasible vertex.

d= min {l(u)+ 1) — w(u, v)} (21)
UeS,VeB

While the feasible top marks of all visited vertices v are
increased by d, where SCUB C V

Step 4: Repeat Step 2 and Step 3 until you find an equal
subgraph that matches perfectly.

The KM algorithm is used to solve the optimal match-
ing of the Correlation models, and the results are shown in
Figure 12.

FIGURE 12. Best matching results for correlation model.
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The red arrow in the figure is the matching result of the
KM algorithm. According to the results of the KM algo-
rithm, when the sight distance is long, medium, and short,
the accuracy levels of traffic sign detection are A, B, and C,
respectively.

Comprehensive analysis shows that in the dense haze envi-
ronment, when the sight distance is less than 50 meters, the
situation around the road is difficult to distinguish due to the
serious interference of the sight line, and it is easy to miss
the road traffic signs. In addition to the high false detection
rate and missed detection rate, the detection accuracy rate of
traffic signs is also very low, only Class C, which is likely
to bring serious security risks to themselves and other traffic
participants. In the haze environment, there will be missed
detection and false detection, but the average detection accu-
racy of traffic signs is higher than that in the fog environment.
In the light haze environment, when the sight distance thresh-
old is 300 meters, the missed detection rate and false detection
rate are low, and the traffic sign detection effect level reaches
Grade A. Under the condition of A, the autonomous vehicles
has the best effect on traffic sign recognition, and its safety is
higher than that of B and C.

IV. CONCLUSION AND PROSPECTS

The research focus of this paper is to explore the influence
of different driving sight distance on traffic sign detection
in haze environment. The difficulty lies in how to train and
test the traffic sign data set containing haze accurately, and
classify it according to the experimental results to build a UV
correlation model. The difficulty of this experiment also lies
in how to train and test the traffic sign data set containing
haze accurately, and classify the experimental results. In this
paper, a model of haze removal by combining dark channel
prior with guided filtering is adopted. The model greatly
enhances the image quality, while avoiding the white edge,
halo effect and other undesirable phenomena. The traffic
sign detection based on Faster RCNN has achieved good
experimental results. Detect traffic signs under different haze
levels and sight distances. The results show that with the
increase of haze and the shortening of sight distance, the
accuracy of traffic signs is lower, and the false detection
rate and missed detection rate are higher, which reduces the
travel safety in the haze environment. The established UV
correlation model can well explore the relationship among
haze, traffic signs and sight distance threshold. KM algorithm
is used to solve the UV correlation model, and it is concluded
that under the conditions of light haze, haze and dense haze,
the detection effects of traffic signs are Grade A, B and C
respectively. It shows that with the increase of haze, the safety
of self-driving vehicles decreases. In this paper, experiments
are carried out on the data set of traffic signs with and haze-
free, and two conclusions are verified: the detection effect of
traffic signs after haze removal is better than that of images
with haze, and haze and sight distance have significant influ-
ence on traffic sign detection. This paper mainly considers
the influence of haze level and sight distance on the detection
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effect of traffic signs. Follow-up research can start with the
relationship between vehicle speed and sight distance in haze
environment, and build the recognition and detection effect of
traffic signs under the comprehensive relationship model of
different haze levels, driving speed and sight distance thresh-
old.The validity and feasibility of the model in the real-time
scene in the field of transportation has great research value
and practical significance, and this part of the content can be
discussed as the focus in the follow-up research.
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