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Abstract: The experiment drew the accuracy curve, training loss curve, and
test loss curve of different traffic sign sizes and the network model after feature
fusion, and compared the algorithm in this paper with the artificial neural
network (ANN) algorithm and the random forest algorithm. The research
results showed that the classification accuracy of the multi-scale model
combining the three branch networks was as high as 99%. The classification
accuracy of the extreme learning machine (ELM) classifier was better than that
of the softmax and support vector machine (SVM) classifiers. Compared with
the ANN algorithm and the random forest algorithm, the classification time of
the algorithm in this paper was reduced by 125 ms and 155 ms, respectively.
The classification accuracy reached 99%, which lays the foundation for the
innovation and development of traffic sign image processing technology.
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1 Introduction

The number of locomotives in China is increasing every year. While promoting people’s
convenient travel, traffic safety accidents are also increasing yearly, such as congestion
caused by large traffic flow during the morning rush hour on weekdays, and traffic
accidents caused by drivers fatigued driving or not complying with traffic regulations.
These problems not only threaten people’s lives and property safety but also hurt the
social economy. In addition, the complexity of vehicle types and the rise in vehicle
numbers have created significant challenges for wvehicle supervision tasks like
hit-and-run, case pursuit, and parking lot management. As a result, relevant departments
are continuously looking for more effective technical solutions and management
strategies. Traffic signs, as the core part of traffic image recognition, play a vital role in
traffic management and safety. However, traffic sign recognition faces many difficulties
in practical applications. Traditional manually designed feature extractor methods are
often slow have low accuracy, and are difficult to cope with complex traffic
environments. With the increase in the number of cars and the increases in traffic
complexity, accurate and real-time traffic sign recognition is of great significance for
reducing traffic accidents, improving road safety, and supporting intelligent driving.
Especially in the context of the rapid development of intelligent transportation systems
(ITS) and autonomous driving technologies, the accuracy and speed of traffic sign
recognition technology have become key factors affecting the overall performance of the
system. To address these challenges, researchers are committed to developing more
advanced algorithms and technologies to improve the accuracy and efficiency of traffic
sign recognition. This paper studies a deep algorithm based on improved Hough
transform, aiming to monitor traffic sign images more accurately and efficiently.

In this paper, the research on the use of improved Hough transform to monitor traffic
sign images is mainly based on the depth algorithm, which explores the processing
process of traffic sign images from a novel perspective, to achieve innovation. This paper
also compares the algorithm in this paper with the ANN algorithm and the random forest
algorithm. As a result, the classification accuracy of the algorithm in this paper is up to
99%. The innovation of this paper is

1 using an improved Hough transform to monitor traffic sign images

2 the algorithm in this paper is compared with the ANN algorithm and the random
forest algorithm.

This paper improves the traditional Hough transform and proposes a weighted voting
mechanism and adaptive threshold algorithm based on edge strength, which improves the
accuracy and robustness of feature detection. In the architecture design of CNN, the
combination of the convolutional layer and pooling layer is optimised, which enhances
the feature extraction capability of the network and improves the generalisation
performance of the model while ensuring computational efficiency. Using GPU parallel
computing technology, the calculation process of the Hough transform is accelerated and
optimised, which significantly shortens the running time of the algorithm. These
innovations solve some of the technical problems in existing methods and provide new
ideas and methods for subsequent research.
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2 Related work

With the increase in car ownership, transportation has become an area of attention. In
recent years, many scholars have studied traffic sign images. Scholar Shi et al. (2016)
proposed a hardware accelerator based on FPGA for traffic sign detection based on
cascaded classifiers. Because traditional computer vision recognition technology cannot
meet the real-time accuracy requirements, Zhang et al. (2020) proposed a traffic sign
recognition algorithm based on the improved LeNet-5 algorithm. Akbar (2021) presented
traffic sign recognition in Indonesia using convolutional neural networks (CNN). He
et al. (2021) proposed a novel semi-supervised learning method that combined global and
local features for traffic sign recognition in IOT-based traffic systems. Traffic sign
recognition occupies a key position in computer vision applications, and Khayeat et al.
(2020) proposed a multilingual traffic sign detection and classification method. The
above studies have studied traffic sign images from many aspects, but the above studies
only use existing algorithms and technologies to study traffic sign images and do not use
new technologies to study traffic sign images. The contribution of previous research lies
in the application of existing algorithms such as cascade classifier, LeNet-5 improved
algorithm, and CNN, which improves the real-time and accuracy of traffic sign
recognition. However, the shortcoming is that new technologies and multi-dimensional
methods are not fully utilised, which limits further performance optimisation and
innovation. Therefore, it is necessary to study image processing methods from other
dimensions.

Aiming at the above problems, this paper will research improving the Hough
transform to monitor traffic sign images under the depth algorithm. These two methods
have long been widely used in other fields. To simplify the lane line detection algorithm
based on the Hough transform, scholar Zheng et al. (2018) proposed an algorithm to
directly identify lane lines in Hough space. Aiming at the disadvantage that the
conventional Hough transform line detection algorithm is prone to false detection, Li
et al. (2017) proposed a line detection algorithm based on the improved Hough transform.
Yura et al. (2021) evaluated the performance of commercial deep learning algorithms to
automatically measure subsolid lesions. Han et al. (2018) used a deep learning algorithm
to classify clinical images of 12 skin diseases. Farooq and Bazaz (2021) employed deep
learning to propose an artificial neural network (ANN)-based online incremental learning
technique for developing an adaptive and non-invasive analytical model of the
COVID-19 pandemic to analyse the temporal dynamics of disease spread. The above
research shows the application of deep algorithms and improved Hough transform in the
medical field, but the research and analysis of traffic sign image processing are relatively
lacking. Therefore, this paper will carry out the research and analysis of improved Hough
transform monitoring traffic sign images under the depth algorithm, provide a theoretical
direction for its subsequent development, and lay a foundation for future practical
applications.
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3 Traffic sign recognition based on improved Hough transform under
deep algorithm

3.1 Traffic sign images

Figure 1 is a schematic diagram of real-time communication between vehicles,
pedestrians, and roads.

Figure 1 Schematic diagram of human-vehicle-road collaborative interaction (see online version
for colours)

Human-vehicle Interaction
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Collaborative
Communication

Human-vehicle Interaction

Vehicle Road

Vehicle-road Interaction

There are various types of traffic signs, and accurate and real-time identification of traffic
sign information can reduce the incidence of traffic accidents and road traffic violations.
In actual traffic scenes, human damage, weather illumination, and aging are all difficult
problems that affect traffic sign recognition. In addition to being interfered with by the
complexity of natural scenes, traffic sign recognition would also reduce network
performance due to changes in image size. Therefore, the value brought by accurate
identification is very meaningful. It can not only reduce the incidence of traffic accidents,
and promote functions such as unmanned driving, intelligent navigation systems, and
assisted driving, but also be used in auxiliary traffic management departments to
scientifically manage and maintain damaged traffic signs.

3.2 Types of Hough transform

The Hough transform is a parameter estimation technique that uses the voting principle.
The biggest advantage of Hough transform is that it has strong anti-interference. Hough
transform is a technique based on parameter space voting, which is used to detect
geometric shapes in images, such as lines and circles. By transforming the points in the
image space into curves in the parameter space, the intersection points represent the
parameters of the shape, and the detection is realised. Even if there are small
disturbances, gaps, or even dotted lines on the curve, after the Hough transform, obvious
peaks can still be formed in the parameter space. It is one of the basic methods for
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identifying geometric shapes from images. Therefore, the Hough transform is widely
used in road recognition and traffic sign recognition in the field of image processing (Al,
2021; Xu et al., 2019).

3.2.1 Hough transform

In the known image space X-Y, all straight lines passing through the point (x, y) satisfy
the formula y = ax + b. Among them, a and b represent the slope and intercept of the
straight line, respectively, and are the parameter values that need to be calculated. The
formula of a straight line is expressed as:

b=—ax+y )

This formula represents a straight line through a point (a, b) in the parameter space b-a,
and the slope and intercept are determined by the parameters x and y.

Any three points online y = agx + bg are assumed to be (xi, y1) (x2, y2), and (x3, 33).
The two lines in the parameter space corresponding to (x1, y1) and (x2, y2) are:

b=—xa+y 2)
b=—-xa+y, 3)

Therefore, the intersection of these two lines can be obtained as:

al:mzao 4)
X — X3
p =227 0N ®)
X1 — X3

Similarly, the intersection of the two straight lines corresponding to points (x2, ¥2) (x3, ¥3)
can be obtained as:

a, =222 = g, ©)
X3 — X2
by = 2R (M
X2 — X3

From this, it can be obtained that if there are n points on the line y = ax + b, then these
points correspond to a line cluster in the parameter space, and all lines intersect at one
point. This property can be used to detect collinear points. If polar coordinates are used
for the mapping calculation, then n points on the straight line correspond to n sinusoids in
the polar coordinate space, and all sinusoids intersect at one point, forming a sinusoid
cluster with a clear trend of change.

The standard Hough transform has significant limitations. The specific manifestations
are a large amount of calculation; large storage space required; and poor grasp of
quantitative scale. Whether the quantisation is too large or too small would have a bad
influence on the detection of the straight line.
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3.2.2 Improvement of Hough transform

To overcome the defects brought by the standard Hough detection line, an improved
Hough transform is adopted. Not only can the straight line be detected quickly, but also
the position of the end point of the straight line can be determined. The processing time is
short and the storage space required is small, and false straight lines are not detected.
This paper first optimises the parameter space of the Hough transform and uses the polar
coordinate system to reduce the dimension of the parameter space, thereby reducing the
computational complexity. At the same time, to solve the problem of equal voting
weights in the traditional Hough transform, this paper introduces a weighted voting
mechanism based on edge strength to more accurately reflect the real information of
feature points by adjusting the voting weights. In addition, to improve the accuracy of
peak detection, this paper adopts an adaptive threshold algorithm, which can dynamically
adjust the detection threshold according to the characteristics of different images, thereby
improving the robustness and accuracy of detection. Finally, this article also optimises
the entire Hough transform process by using GPU parallel computing technology, which
significantly improves the execution speed of the algorithm.

Extraction of the outer contour of the document image: the edge represents the
important information in the image. It is the place where the pixels in the image have
step-like changes or roof-like changes, representing important information such as the
position, contour, and orientation of the image. In many cases, the edges of objects need
to be acquired for advanced analytical processing.

Screening statistics: the contour points found in the contour scanner are mapped to
polar coordinates. Here, the upper left corner of the traffic sign image is no longer taken
as the coordinate origin. To facilitate the calculation and reduce the number of
operations, its centre point is the origin of the coordinates, and the filter conditions are
set. If the calculated ¢ is greater than 0, it would be accumulated, otherwise it would not
be counted. S is expanded to 0 to 360 degrees, and the local maximum value of the
accumulator of the collinear point of the contour point and the value of o and f at this
time is found.

The values of ¢ff and corresponding to the previous step are found. According to the
corresponding relationship between the rectangular coordinate system and the parameter
coordinate system and the geometric characteristics of the traffic sign image, the adjacent
straight lines must intersect with the same point, and the coordinate position of the vertex
can be calculated according to the formula.

O =ap*x+by*y (@)

The solution of the formula yields the coordinates of one of the endpoints as shown in
formulas (9) and (10):

x:(ao*bl—a'l*bo)/(ao*bl—al*bo) 9

v=(an#as—a*a)/(ao*b —a *by) (10)

3.3 Depth algorithm

Traffic signs are an important recognition object in traffic images, which can provide
basic data for vehicle-road coordination and unmanned driving. The traffic sign image is
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based on the real road data captured by the vehicle-mounted camera. The main factors
affecting the recognition effect are the different sizes of the traffic sign image, the change
of illumination in different periods, the traffic sign being artificially damaged, and the
blurred shooting caused when the data is collected. The basic steps of traffic sign
recognition in real road scenes are shown in Figure 2.

Figure 2 Basic steps of traffic sign recognition (see online version for colours)

Traffic sign image Traffic sign image Feature extraction Classification of

collection preprocessing traffic signs

There are two methods for traffic sign feature extraction. One is to design feature
extraction descriptors to extract features, and the other is to extract features through
network self-learning, mainly in the following two categories.

Traffic sign recognition based on the machine learning method is to recognise traffic
signs by machine learning method. In feature extraction, feature extraction operators with
strong adaptability to image deformation can be used to extract traffic sign features,
which can make the algorithm more robust in the face of complex deformed images, and
then use classifiers for classification (Saif et al., 2019).

The traffic sign recognition based on the deep learning method is that the CNN has
shown good results in image processing. The algorithm obtains the feature information of
the input target task through layer-by-layer mapping, convolution calculation, and
pooling processing, which is very helpful for traffic sign recognition (Soetedjo and
Somawirata, 2018).

3.3.1 Theoretical basis of convolution

Convolution layer: CNN performs convolution operation on the input image data to
obtain the feature information of the data. Due to the different number of convolution
kernels, each convolution layer can obtain a large number of feature maps with different
specifications. The convolutional layer has the characteristics of weight sharing, and the
neurons between each feature map in the feature extraction process can share the weight
(Natarajan et al., 2018). Formula (11) is the formula for the convolution operation:

S(p. )= (X #K)(p, q)= D, > x(p+m, q+n)k(m,n) (1)

In the formula, *X represents the convolution operator and the input target data,
respectively, K represents the convolution kernel used for the convolution operation and
S(p, q) represents the final output feature vector.

Figure 3 shows the process by which the convolution layer extracts the features of the
target data through the convolution operation. It can be seen from the figure that the
parameters of the convolution kernel are set through the network, and the convolution
calculation result between the input image and the convolution kernel is obtained
according to the calculation formula, to obtain the image feature vector.

Pooling layer: after convolution calculation and nonlinear mapping, the mapped
features are sent to the pooling layer. The main role of the pooling layer is to
downsample the incoming feature vector to reduce dimensionality (Junjia et al., 2020).
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The main function of the pooling layer is to reduce the spatial dimension of the feature
map through downsampling, thereby effectively reducing the computational complexity
and memory consumption of the network. At the same time, the pooling layer in CNN
also plays a role in enhancing the network’s translational invariance to the input data. For
example, maximum pooling can extract the most significant features of the local area,
making the network more responsive to small-scale translation, rotation, or scaling.
Strong robustness. In addition, the pooling layer also has the effect of suppressing noise.
By aggregating the features of local areas, the pooling layer can effectively filter out
small noises in the image, thereby enhancing the significance of the feature map. These
characteristics work together to make the pooling layer reduce the complexity of the
model in CNN, enhance the generalisation ability of the network, and reduce the
occurrence of over-fitting phenomena.

Figure 3 Schematic diagram of convolution operation (see online version for colours)

Figure 4 Schematic diagram of max pooling operation (see online version for colours)
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Max Pooling

A setting of downsampling with a stride of 2 and a pooling kernel size of 2 performs max
pooling, as shown in Figure 4. The average pooling is shown in Figure 5.

Activation function: the purpose of setting the activation function is to map the
features extracted by the convolutional layer to the activation function to enhance its
nonlinear ability (Gong et al., 2017).
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The Sigmoid activation function is:

1
I+e™*

f(x)=

(12)

Figure 5 Schematic diagram of the average pooling operation (see online version for colours)
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The Sigmoid function has a powerful nonlinear mapping capability, which enables neural
networks to process and learn complex nonlinear relationships, thus breaking through the
limitations of linear models. The output value of the Sigmoid function changes smoothly
between 0 and 1. This feature is particularly useful in processing probability output or
binary classification tasks because it can directly interpret the output as the probability of
a certain category. In addition, the derivative of the Sigmoid function is easy to calculate
and can efficiently update the network weights during backpropagation. Its smooth
derivative curve makes the gradient changes of the network more stable, which helps to
accelerate the convergence of the network. Finally, the Sigmoid function simulates the
activation characteristics of biological neurons. This biologically inspired nonlinear
characteristic makes the network more expressive when processing complex tasks.
The Tanh activation function is:

e —e ¥
f="5 (13)
e’ +e
The ReLU activation function is:
f(x) = max(0, x) (14)

3.3.2 Multi-scale feature fusion and ELM combination algorithm

e Data pre-processing: The traffic sign recognition set is selected as the experimental
data set. As shown in Figure 6, the pictures in the data set have images under the
conditions of illumination changes, artificial damage, motion blur, and shooting
angle changes, and the image quality of the datasets varies widely. Image
pre-processing is performed on the dataset in two steps. The first step is to perform
feature enhancement on images with poor quality, and the second step is to perform
size normalisation on the enhanced data.
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Figure 6 Traffic signs for the database (see online version for colours)
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Image enhancement: The traffic sign image is collected from the actual road
conditions, so it is greatly affected by environmental factors. Therefore, it is
necessary to enhance the image features. As shown in Figure 7, the method of
histogram equalisation can reduce the influence of the environment on the image
quality and enhance the image features, and the enhancement is performed on the

91

colour image, so that the colour features of the traffic signs are also well preserved.

Figure 7 Original image versus histogram equalisation (see online version for colours)

(CRC)

e Image size normalisation: When the vehicle camera collects traffic sign images, the
image sizes obtained due to the change of distance would be different, which would

lead to poor recognition accuracy of the network. Through multiple sets of
comparison experiments, it is finally determined that the bilinear interpolation

method is used to normalise the image size because the bilinear interpolation method

does not lose more image features while requiring less computation.

e  Multi-scale CNN feature extraction: In the task of traffic sign recognition, the

image-enhanced data is normalised into three sizes 32 x 32, 64 x 64, and 128 x 128,

and three sets of data of different sizes are input into CNNs with different

convolution kernels and network depths for pre-training. Through the experimental

comparison, the specific parameters of the final designed network are shown in

Table 1. The network performs the convolution operation to obtain the feature map

corresponding to the traffic sign. A feature map corresponds to a set of feature
information, and its calculation formula is:

x! :f(zx;—l*k;i+a,!) (15)

JEN;
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In the formula, k;; and a; represents the convolution kernel and bias corresponding to
the convolutional layer, respectively, and N, represents the extracted traffic sign
feature.

After the traffic sign features are obtained through the convolution operation, the ReLU
nonlinear mapping function is used to map the obtained features to the next layer, and the
formula is:

x>0

=% 16
S(x)= 0. x<0 (16)

The pooling layer does not affect the final number of feature maps when downsampling,
which is a unique invariance of the pooling layer, and also has the effect of enhancing the
robustness of the network, and has strong adaptability to image distortion and scaling.
The maximum pooling method is selected when pooling the traffic sign features. The
calculation formula is:

xt = f(alb(x/")+af) (17)

Table 1 Multi-scale CNN model parameter settings

Sub-network Type Filter size  Pooling size  Pooling model  Layer output
Size-32 Conv1/poolingl 5x5/1 2x2/2 Max 48 x 15 x 15
Conv2/pooling2 3 x3/1 2x2/2 Max 64 x8x8
Conv3 3 x3/1 2x2/2 Max 64 x8x8
Size-64 Conv1/poolingl 5x5/1 2x2/2 Max 84 x 32 x32
Conv2/pooling2 5x5/1 2x3/2 Max 128 x 15 x 15
Conv3 3 x3/1 - - 384 x 15 x 15
Conv4 3x3/1 2x2/2 Max 384 x4 x4
Size-128 Convl/poolingl 6 % 6/1 2x2/2 Max 96 x 31 x 31
Conv2/pooling2 5x5/1 2x2/2 Max 128 x 8§ x 8
Conv3 5x5/1 - - 256 x 8§ x 8
Conv4 3x3/1 - - 384 x9x9
Conv5/pooling3 3x3/1 2%x2/2 Max 384 x4 x4

In the formula, b represents the function that performs the pooling operation, and ¢, a;
represents the weight and bias coefficients, respectively.

After adding the dropout layer to the fully connected layer of the three network
branches, its coefficient is set to 0.5.

3.3.2.1 Multi-scale feature fusion

Conv represents the convolution layer of each network branch. After the convolution
layer, there is a ReLU function for nonlinear mapping. Conv/pooling means that the
module needs to be followed by a pooling operation after the convolution operation. The
network cascade adopts the cascade method of serial fusion. The cascade formula is as
follows:
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Fuennre = ZF; (18)

J=1

In the formula, F; is the fully connected layer feature of each branch network, and m is
the number of cascaded networks. The branch network is spliced on the channel through
a Concat layer. The formula is:

Zconcat = ZX/ >kl{j +ZY/ >:<[<j+c (19)
J J

In the formula, Znea represents the splicing of one of the three channels, K is the
convolution kernel of the network to be spliced and X;Y; represents any two channels of
any two networks respectively. The formula is as follows:
F=MXxCxGxV
F,=MXxCyxGXV
F=MxCxGxXV
FMCNN :MX(C] +C2 +C3)XGXV

(20)

In the formula, Fycyy represents the multi-scale features obtained by splicing network
branches on the channel; F, F», F3 and represents the fully connected layers of the three
network branches; M is the number of obtained traffic sign feature maps; G represents the
height of the feature map; V represents the width of the feature map.

3.3.2.2 ELM classifier

The ELM classifier can randomly initialise the weights and biases of the input features,
and the adjustment process of network thresholds and weights does not require repeated
calculations, which simplifies the calculation steps, reduces the training time of the
classifier, reduces the parameters to a certain extent, and is beneficial to the real-time
recognition of traffic signs by the multi-scale fusion model (Chen and Yang, 2017). Its
structure is shown in Figure 8.

3.3.3 Other algorithms

e ANN algorithm: The ANN algorithm is composed of a large number of
interconnected nodes by simulating the structure and function of biological neural
networks, and can be used to model complex relationships between data (Kim et al.,
2019).

e Random forest algorithm: Random forest is a tree-based algorithm. It is a collection
of many different kinds of random trees. The final value of the model is the average
of all predictions produced by each tree (Medeiros et al., 2019).
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Figure 8 ELM classifier structure (see online version for colours)

4 Experiment and evaluation of traffic sign image recognition under deep
algorithm

4.1 Sample data

The experimental environment parameters of the verification and comparison
experiments are shown in Table 2.

Table 2 Specific parameters of the experimental environment
Serial no. Name Parameter
1 Processor 15-7500 3.4GHz frequency
2 Memory 32 GB
3 Graphics card Nvidia GeForce GT730
4 Operating system Ubuntu 16.04
5 Deep learning framework Caffe
6 Programming language Python 2.7

Evaluation index: considering that the classification time gap is small and the
experimental hardware is equivalent, the classification accuracy is selected as the
evaluation index, and the calculation is formula (21):

M
2m

Accuracy =~ =jl\4 x100% (21)

In the formula, M represents the total amount of the traffic sign test set and m; represents
the number of correct classifications.

Bayesian optimisation is used to systematically explore the optimal parameter
configuration and improve the performance and stability of the model.



Technical evaluation on improved Hough transform

4.2 Experiment results and evaluation of traffic sign image recognition

technology

4.2.1 Experiment |

95

The datasets of three sizes are input into three pre-trained networks, and the experimental
hyperparameters are shown in Table 3.

Table 3 Experimental hyperparameter settings
Serial no. Name Parameter
1 Base learning rate 0.02
2 Weight decay 0.0005
3 Learning rate change factor 0.2
4 The maximum number of iterations 10,000
5 Learning rate adjustment policy Step
6 Step size 4,000
7 Momentum 0.8
Figure 9 Loss value and classification accuracy, (a) size-32 (b) size-64 (c) size-128
(d) multi-scale (see online version for colours)
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The experimental environment includes a computer with NVIDIA GTX 1080 Ti GPU
and 16 GB RAM, with Ubuntu 18.04 as the operating system and TensorFlow 2.4 as the
deep learning framework. The experiment was carried out with the support of CUDA
11.0 and cuDNN 8.0.

To ensure that the pre-training network can be used for model fusion, the loss value
curves of training and testing of the pre-training network and the recognition accuracy
curve of the pre-training network are drawn to judge the effectiveness of the pre-training
model. As shown in Figures 9(a), 9(b), 9(c) and 9(d) respectively draw the accuracy
curve, training loss curve, and test loss curve of the network model with input traffic sign
sizes of 32 x 32, 64 x 64, 128 x 128, and after feature fusion.

Figure 9(a) is a model drawing of size 32; Figure 9(b) is a model drawing of size 64;
Figure 9(c) is a model diagram of size 128; Figure 9(d) is a multi-scale model diagram. It
can be seen from Figures 9(a), 9(b) and 9(c) that the network classification accuracy of
the three pre-trained models increases rapidly in the first 2,000 iterations, between 3,000
and 10,000 iterations. The classification accuracy changes are no longer obvious and tend
to be stable. From the analysis of the two curves of training and classification loss values,
the loss values decrease rapidly in the first 50 iterations, and are unchanged in the
subsequent iterations, indicating that the model learning has been completed, the network
model is stable, and the generalisation ability is strong. The multi-scale model integrating
the three branch networks gradually stabilised when the loss value fell to 2,000 times, but
the classification accuracy of the model was higher, reaching 99%.

4.2.2 Experiment 2

To verify the superiority of using the ELM classifier to classify the fusion network, a
comparative experiment is designed, and the classification accuracy and time are used as
two basic evaluation indicators to compare the performance of each classifier, as shown
in Table 4.

Table 4 Performance comparison of different classifiers
Classifier Classification accuracy/% Classification time/ms
Softmax 98.56 50
SVM 98.25 60
ELM 99 45

According to the table, the parameters of the ELM classifier can be initialised randomly,
and the adjustment process of the network threshold and weight does not require repeated
calculation, which simplifies the calculation steps and reduces the training time of the
classifier. Therefore, the feature learning of the ELM classifier is faster, the parameters
are less, the classification time is shorter than the other two classifiers, and the
classification accuracy is slightly improved than that of the softmax and support vector
machine (SVM) classifiers. ELM classifier initialises the parameters randomly, without
adjusting the weights and thresholds repeatedly, which greatly simplifies the calculation
process. Therefore, its feature learning speed is faster, its parameters are less, and its
classification time is shorter than other classifiers.
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4.2.3 Experiment 3

To further verify the advantages of the algorithm in this paper, the algorithm in this paper
is compared with the ANN algorithm and the random forest algorithm. In the data set, 30
traffic sign images with blur, serious occlusion, and extremely poor lighting conditions
are selected to form a traffic sign test set in a complex environment. The performance of
the algorithm under complex conditions is tested in single-layer feature and multi-layer
feature networks respectively, and the results are shown in Figure 10.

Figure 10 Comparison of recognition and classification time and classification accuracy in
complex environments, (a) ANN algorithm compared with the algorithm in the text
(b) comparison of random forest algorithm and algorithm in the paper
(see online version for colours)
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Figure 10(a) is the comparison between the ANN algorithm and the algorithm in the text;
Figure 10(b) is the comparison between the random forest algorithm and the algorithm in
the text. As can be seen from Figure 10, the algorithm proposed in this paper reduces the
classification time by 125 ms and 155 ms respectively compared with the ANN algorithm
and the random forest algorithm, and the classification accuracy is up to 99%. The reason
is that the multi-scale feature fusion network divides the data into three sizes, large,
medium, and small, and inputs it into three different network branches for training. This
approach is equivalent to a threefold increase in the dataset. In addition, the multi-scale
traffic sign features are obtained in the experiment. The fusion of multi-scale features is
helpful for the update process of network parameters and the solution of algorithms.
Therefore, the data quality is greatly affected by the environment, especially the blurred
images caused by shooting. The performance of the algorithm in this paper is better than
other algorithms in the face of this complex environment. Through multi-scale feature
fusion, the algorithm in this paper improves the classification accuracy to 99% and
significantly reduces the classification time. This method enhances the robustness of the
network and the efficiency of parameter updating, especially when dealing with blurred
images.
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5 Conclusions

This paper studied the technology of improving the Hough transform to monitor traffic
sign images under the depth algorithm, which can provide a more scientific and efficient
method for traffic sign image processing and recognition. In this paper, the traffic sign
data was firstly enhanced by the histogram equalisation method, and then the enhanced
image was normalised into three sizes of large, medium, and small by bilinear
interpolation method; the network structure and convolution kernel size adapted to the
image size were constructed for feature extraction, the multi-scale features were fused in
the fully connected layer of the overall recognition network, and the fully connected layer
was fine-tuned; finally, an extreme learning machine (ELM) was used to classify the
traffic sign images. The classification accuracy of the multi-scale model integrating the
three branch networks was higher, reaching 99%, and the performance of the algorithm in
this paper was better than other algorithms in the face of this complex environment.
However, technology is always improving, and there are still problems that cannot be
overcome at present. It is hoped that the traffic sign image processing and recognition
technology will continue to innovate and make breakthroughs in the future. The research
in this paper is mainly carried out in the laboratory environment, and its effect in the real
and complex traffic environment has not been fully verified. Moreover, the model has a
high complexity, and it may face the limitation of computing resources in practical
applications. In the future, the model will be further optimised to reduce the consumption
of computing resources and will be widely tested in real and complex traffic
environments. In addition, explores the use of new technologies and multi-dimensional
methods to improve the performance and application scope of traffic sign recognition.
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