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Abstract

The increasingly complex road traffic environment has brought severe challenges to the
safety of road traffic. In this paper, taking the accurate detection of road targets as the
starting point, and combined with the current advanced convolution neural network
technology, it analyzes and discusses the feature learning method based on feature
fusion, and on this basis, it further proposes the target detection method based on
feature fusion, and then it verifies the effectiveness of the proposed method through the
simulation, thus, it provides a certain reference for road target detection in complex
road traffic environment.
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1. INTRODUCTION

With the further development of the economy and society, the number of cars is increasing,
followed by complex road traffic conditions and frequent road traffic accidents. The complex
road traffic conditions not only affect the travel, the living environment and living quality of
urban residents, but also bring serious waste of resources, and also bring serious security risks
to urban road traffic [1, 2, 3, 4, 5]. In the face of such a severe road traffic safety situation, how
to alleviate the problem of road traffic safety through relevant technical means has become an
important research direction. As the most basic research problem of road traffic safety, road
target detection has become a research hotspot. The so-called road target detection is to find
the interested road target in the scene image of road traffic[6,7,8]. Especially in the context of
the current application of intelligent transportation, the complexity of road traffic scenes and
the diversification of road targets bring certain challenges to road traffic safety, but also bring
difficulties to the detection of road targets. Road target detection is not only an important issue
in the research of intelligent road traffic, but also a problem involved in the field of intelligent
public security.

Traditional target detection methods show unique advantages in image detection [9, 10, 11,
12, 13, 14, 15], and can be applied to road traffic target detection to a certain extent. However,
due to the particularity and complexity of the target scale distribution in road traffic scene, the
traditional manual feature target detection method and the classic deep learning target
detection method still have some difficulties in the application of target detection in the actual
road traffic scene, such as the inability to extract the effective features suitable for road multi-
target detection, which affects the accuracy of target detection. Therefore, combined with the
practical application needs of intelligent public security and intelligent traffic field for road
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target detection, how to use more applicable target detection methods to extract more effective
feature expression from complex road traffic scenes and detect road targets more accurately
has become a research content to be solved in road target detection problem.

In this paper, aiming at the difficult problem of accurate target detection in road target
detection, and taking the current advanced convolution neural network technology as the
background, it studies and proposes a feature learning and target detection method based on
feature fusion, so as to provide some technical reference for the road target detection in the
current complex traffic environment.

2. FEATURE LEARNING METHOD BASED ON FEATURE FUSION

In the current field of visual image processing, especially in road traffic scene images, many
scenes using the deep neural network method to extract and learn features on a single scale of
the same size receptive field. This method has its certain success, but in the complex road traffic
scenes with complex image context structure information, the single scale feature learning
method also shows some limitations. Therefore, in order to further improve the performance of
feature extraction for various kinds of complex multi-target in road traffic scenes, in this part,
it proposes a road target feature learning method based on multi-scale feature fusion, which
can improve the learning and expression ability of road target features, and also can improve
the ability of network model to capture the information of image context structure. The road
target feature learning model based on multi-scale feature fusion is shown in Figure 1.
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Figure 1. The road target feature learning model based on multi-scale feature fusion

[t can be seen from the figure that the target feature learning model is mainly divided into
three parts: multi-scale feature extraction module, multi-scale feature fusion module and multi-
scale feature optimization module. The three main modules are introduced respectively as
follows.

2.1.Multi-scale Feature Extraction

The feature extraction module is designed to solve the problem of insufficient expression
ability of extracted features when extracting features with single scale from the input data.
Different from the single scale feature extraction method which only uses one convolution
kernel in feature extraction, the designed multi-scale feature extraction method here uses
multiple convolution kernels with different scales to extract features in parallel simultaneously,
which forms a parallel structure of multi-scale convolution kernels. In this parallel structure of
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multi-scale convolution kernels, each convolution kernel has a different size from other
convolution kernels, which can be used to extract the features of the input image on the
convolution kernel, while the convolution kernels with different sizes can simultaneously
extract the features of the input image in parallel, so as to obtain the features of the input image
with different scales. In the design of multi-scale feature extraction, different sizes of
convolution kernels, such as 1x1 convolution kernel, 3x3 convolution kernel, 5x5 convolution
kernel, 7x7 convolution kernel and 9x9 convolution kernel, can be used. Using the five
convolution kernels at the same time, five different image features with different scales will be
extracted. It should be noted that the 1x1 convolution kernel is designed to better retain the
context details of the original input data in the shallow layer, so that after many complex
convolution operations, the deep network features can still contain the context structure
information. At the same time, in the design of multi-scale convolution kernel, it can design
more abundant combination structure for convolution kernels with different sizes, and the
feature extraction will be more abundant with the increase of convolution kernel scales. This
will also increase the weight parameters of the whole network model, which will make the
network over-fitting. Therefore, the selection and combination of convolution kernels with
different scales should be adjusted according to the specific dataset size and network training
requirements.

According to the design idea of convolution neural network, in the process of feature
extraction of convolution neural network, after convolution operation of input data or features
of the upper layer, nonlinear activation function is needed, so that the network model has good
nonlinear performance. Therefore, for each convolution kernel operation with different scales,
the nonlinear activation function should be used to nonlinearize the results. If the input image
data of the whole network is X, and the network model contains multiple convolution layers,
and the multi-scale convolution kernel in the operation process of each convolution layer is
different, then the convolution operation expression with nonlinear activation for each
convolution layer can be expressed as follows:

filX) = o;(W; * X + B;) (1)

Where i represents the i-th convolution kernel among all the multi-scale convolution
kernels of one convolution layer, X is the inputimage, W; and B; are the weights and bias of
the i-th convolution kernel, respectively, o; is the nonlinear activation. In convolutional neural
networks, the nonlinear activation function often used is Relu, therefore, the expression of o;
here is:

_(x, ifx>0
o(x) {0, ifx<0 (2)
Which can also be simplified as follows:
o(x) =max(0,x) (3)

Where x is the convolution value input into the nonlinear activation function.
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2.2.Multi-scale Feature Fusion

After multi-scale feature extraction of the input image data, n convolution feature maps are
obtained for each convolution layer, here, n isalso the number of different convolution kernels
in the convolution layer. Then, the n convolution feature maps will be fused and processed,
that is, multi-scale feature fusion. When the n multi-scale convolution feature maps are fused,
the feature fusion method is designed as: the different feature images obtained by different
scale convolution kernels are superimposed. The number of channels of the superimposed
feature map is equal to the total number of channels of different convolution kernels in the
process of multi-scale feature extraction. The schematic diagram of multiscale feature fusion is
shown in Figure 2.

Multi-Scale
Feature Fusion

A

Figure 2. The schematic diagram of multiscale feature fusion

According to the principle shown in the above figure, for these n convolution feature maps
obtained by convolution kernels of different scales, the expression of the above multi-scale
feature fusion method can be expressed as follows:

fX) =25 fiX) =X 00(W; X + B)) (4)

Where i represents the i-th convolution kernel, namely, the i-th convolution feature maps.
2.3.Multi-scale Feature Optimization

In the process of multi-scale feature extraction for the input image, convolution kernels with
different scales have a certain number of channels, and then they can extract rich features from
the input image. However, when the convolution kernels of different scales have more channels
and these convolution kernels are operated in parallel, the further feature fusion of multi-scale
features will lead to more channels after fusion. These extracted features will also lead to the
complexity of network scale and the improvement of computer complexity. Therefore, it is
necessary to optimize the features and network. In convolutional neural networks, a common
optimization method is pooling, however, pooling only reduces the resolution of the feature map
itself, but does not change the number of channels of the feature map. Therefore, in order to
reduce the number of channels of the feature map, other methods should be used. Here, one
more effective method is to use 1x1 convolution kernel. In the specific design and
implementation, the channel number of 1x1 convolution kernel is less than that of the fused
feature, which can ensure that the channel number of feature maps after convolution operation
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is relatively reduced, and the use of 1x1 convolution kernel can also ensure that all feature
information in the fused feature map will not be lost. Thus, this method can effectively optimize
the fused feature map. The optimized expression of feature map after multi-scale feature fusion
can be expressed as follows:

F=ocW=x*f(X)+B) (5)

Where X istheinputimage, f(X) isthe outputfeature map after multi-scale feature fusion,
W and B are the weight and bias for optimization, and o is the Relu nonlinear activation
function used after the convolution operation.

As can be seen from the above, the target feature learning model based on multi-scale feature
fusion proposed in this section uses different convolution kernels to extract multi-scale features
from the input image, and then the extracted multi-scale features are fused in parallel. After
obtaining the multi-scale features of the image, the nonlinear mapping relationship between
the input image and the output can also be obtained by using the nonlinear activation function.
The optimization of multi-scale features can also improve the operation performance and time
complexity of the whole network model, thus, it can be used to extract and express target
features well. Meanwhile, this method can also be used for cascade design and improvement.
The improved expression can be expressed as follows:

Ft=oW,,, * X 0,(W,, * F"* + B,)+ B, . ) (6)

The cascade learning method of target feature represented by this formula can extract the
features of original image better, and thus can have better expression performance. However,
the time performance of convolution calculation should be considered to find the most
appropriate design model and related network parameters.

3. TARGET DETECTION METHOD BASED ON FEATURE FUSION

Based on the above learning method of the target features in the previous section, in this
section, on the basis of the current classic convolution neural network, Faster-RCNN model [16],
the road target features extracted by the proposed multi-scale road target feature learning
method are applied to the Faster-RCNN model. By making full use of the efficient feature
expression obtained by feature fusion, a more efficient target detection method and model is
constructed to realize the road target detection more effectively.

3.1.Faster-RCNN Target Detection Model

Based on the original Fast-RCNN target detection model [17], Faster-RCNN target detection
model[16] uses the region proposal network (RPN) to replace the selective search method[18]
in Fast-RCNN, that is, RPN is used to generate anchors with the size of {(w X h), (aw X

ah), (wy, s)} for each pixel in the image, where w and h represent the width and height of

the initial anchor; respectively, @« and y represent the frame scaling ratio of the initial anchor,
and there are a € (0,1], y > 0. It can be seen that when there are n anchors and m anchor
scaling ratios, a total of n X m anchors will be generated. It judges each generated anchor, and
then those belonging to the background are filtered out, and those belonging to the target are
further processed by ROI pooling and border regression processing. The anchor diagram of
Faster-RCNN target detection model is shown in Figure 3.
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Figure 3. The anchor diagram of Faster-RCNN target detection model
3.2.Feature Fusion-based Target Detection

Based on the above Faster-RCNN target detection model, in the specific implementation of
the designed target detection model, the output results of the target features obtained by the
multi-scale target feature learning method are then applied to the RPN network of the Faster-
RCNN model. The fused feature with better expression performance can obtain more accurate
target detection performance. The proposed feature fusion-based target detection model is
shown in Figure 4.
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Figure 4. The target detection model based on feature fusion

4. EXPERIMENTAL SIMULATION AND ANALYSIS

In this paper, it uses the images provided by KITTI as dataset to verify the proposed method.
KITTI has a relatively complete road traffic scene, and it is also one of the most frequently used
road traffic dataset in the field of computer vision. The dataset contains real-life images of urban
areas, roads, villages and so on, and each image contains many complex road targets such as
different types of vehicles and pedestrians with different shapes. In the specific design of the
experiment, the representative images are selected to form the training set and test set. Using
the method proposed in this paper, it inputs the fused features into the Faster-RCNN network,
and then analyzes and verifies the target detection performance of the method. On this basis,
the Faster-RCNN method and the proposed method are evaluated respectively. Table 1 shows
the statistical results of target detection performance under the two methods. In this paper, the
mean average precision(mAP) and average detection time are used to evaluate the performance.

Table 1. Statistical results of road target detection performance under the two methods

mAP(vehicles) mAP (pedestrians) average detection time
Method
(%) (%) (s)
Faster-RCNN 65.56 63.12 3.36
The proposed method 65.62 63.28 5.82

[t can be seen from the table that when using the Faster-RCNN method, the mAP of vehicles
and pedestrians in road traffic images is 65.56% and 63.12%, respectively. Compared with the

175



World Scientific Research Journal Volume 7 Issue 1, 2021
ISSN: 2472-3703 DOI: 10.6911/WSR]}.202101_7(1).0025

original Faster-RCNN method, the proposed method has slightly improved the mAP of both the
targets of vehicles and pedestrians, which shows that the proposed method can extract the
expression features of road traffic targets more effectively, and obtain relatively better target
detection accuracy through the target fused features with rich expression ability. However, in
the process of target extraction and detection, the average detection time of the proposed
method is significantly longer than that of Faster-RCNN method, which also reflects that the
target detection method based on feature fusion proposed in this paper also takes some time in
the specific implementation process, and this time consumption problem also increases the
calculation cost of network model. This time consumption problem also needs to be optimized
and improved in the proposed method, and it is also the next research direction of the research

group.
5. CONCLUSION

Due to the particularity and complexity of the target scale distribution in road traffic scene,
the traditional manual feature target detection method and the classical deep learning target
detection method have certain difficulties in the actual road traffic scene target detection
application. Therefore, road target detection in complex environment has become an urgent
research content. Aiming at this problem, in this paper, it takes the current advanced
convolution neural network technology as the background, takes the feature fusion as the main
research object, and on the basis of analyzing and discussing the feature learning method based
on the feature fusion, further proposes the road target detection method based on the feature
fusion, and through the construction of the model framework, the road target detection
technology is deeply studied. Thus, it provides some ideas for the further study of related
theories in the field of road target detection, and also provides technical support for safe road
traffic environment.
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