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Abstract: Aiming at the frequent passenger missed detection problems caused by factors such as 

complex traffic scenes, small head size, and overlapping passengers, an improved Faster R-CNN 

detection model is designed. This model uses GoogLeNet as the feature extraction network, uses the 

convolution kernels of different scales in GoogLeNet to extract the features under the image of the 

breakthrough receptive field, and uses the CA module to re-adjust the importance of the feature maps 

of different channels, so that the model is The target is more sensitive. Aiming at the missed detection 

problem caused by overlapping passengers, the model uses a soft non-maximum suppression 

algorithm to replace the non-maximum suppression algorithm in the original Faster R-CNN, and 

defines the loss function as the weighted sum of the positioning loss and the confidence loss. The 

experimental results show that the improved algorithm can solve the problem of passenger detection 

on two-wheeled vehicles. The detection accuracy of 92.31% and the recall rate of 96.96% are 

obtained on the two-wheeled vehicle manned data set. 
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1. INTRODUCTION 

The two wheeled vehicle is more and more popular in the traffic, and because of its non-standard 

carrying, it is easy to cause traffic accidents, so the detection of two wheeled vehicle carrying is 

imminent. The key of the two wheel vehicle manned detection is to detect passengers on the two 

wheeled vehicles, which is similar to pedestrian detection, so we can learn from the research results 

of pedestrian detection. 

The AlexNet [1, 2] convolutional network has won the championship with its performance higher 

than the traditional detection algorithm in the ImageNet [3,4,5] visual recognition competition. Since 

then, CNN (Convolutional Neuron Network, convolutional neural network) has attracted the attention 

of researchers. From 2012 to 2015, researchers continued to research and improve deep learning 

algorithms, and the accuracy of target detection continued to improve. For example, Girshick et al. 

designed the R-CNN algorithm, which can be divided into the following three parts. First use the SS 

(Selective Search, selective search) method or Edge Boxes to obtain the candidate area that probably 

contains the target from the picture; then use each candidate area with a fixed size as the input of 

CNN to obtain the features; finally, the second step The features are used as the input of the SVM 

classifier to implement classification and regression operations. Although the detection performance 

of R-CNN is higher than that of CNN, the training process is more time-consuming and laborious. 

He Kaiming [6] and others proposed SPP (Spatial Pyramid Pooling, spatial pyramid sampling layer) 
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in 2014. This method efficiently handles the problem of requiring separate operations for all regions 

in R-CNN. Although SPP is faster in detection speed than the former, the training process of SPP is 

also cumbersome. In 2015, Girshick [7] optimized the training steps of R-CNN and SPP and then 

designed Fast R-CNN to improve accuracy and speed. Compared with the training speed of the latter, 

the training speed of the former is about 64 times faster. Since R-CNN and Fast R-CNN both use SS 

to generate target candidate regions, the algorithm has a high time complexity. Therefore, in the same 

year, Ren Shaoqing [8] and others designed the Faster R-CNN target detection algorithm composed 

of the Fast R-CNN algorithm responsible for detection and the RPN (Region Proposal Network) 

network responsible for generating candidate regions. In 2018, He Yuming [9] and others optimized 

Faster R-CNN and then designed Mask R-CNN for semantic recognition. 

In conclusion, faster CNN algorithm has good adaptability, high detection accuracy and fast detection 

speed, so this algorithm is selected to detect two wheeled vehicles. However, in real images, small 

head size and overlapping passengers often lead to missed detection of passengers on two wheeled 

vehicles, so the detection algorithm needs to be improved. The improved faster CNN algorithm 

adjusts the size of the anchor and the feature fusion structure in the region proposal network (RPN) 

to enhance the detection of small-scale targets and multi-scale targets. The improved algorithm also 

uses soft non maximum suppression (soft NMS) [14] to replace non maximum suppression (NMS) 

to improve the detection effect of overlapping targets. 

 

2. RELATED WORK 

In reference [10], the difference of skin color and hair color of human face is studied, and then the 

head model is established by clustering. Finally, the head is detected by template matching, which 

has high accuracy for pedestrian detection. In this paper, the sliding classifier is used to extract the 

features of the target. In reference [11], firstly, the histogram of gradient direction is calculated, and 

then the gradient model of the object is trained by support vector machine (SVM). Finally, the model 

is matched with the object to detect the object. In reference [12,13,14], by separating the moving 

object from the background and using fusion region matching and feature matching for the 

background, the head can be detected quickly. However, the features extracted by the above 

traditional algorithms are relatively single and are greatly affected by the environment. In recent years, 

deep learning technology has become the mainstream direction of object detection [5-10], and has 

also been applied to pedestrian detection. In reference [15,16], the pedestrian head model was 

established, the head features were extracted, and the Fast R-CNN training test was used, which 

showed excellent adaptability. Reference [17] uses pyramid network structure and feature fusion 

technology to improve faster CNN, which improves the effect of pedestrian detection in coal mine. 

In reference [18,19], we compared different feature extraction networks and detection algorithms 

through experiments, and found that faster CNN with perception V2 as feature extraction network 

had better effect in pedestrian detection at station, with detection accuracy of 81.08% and detection 

time of 0.5765s. 

The single-stage algorithm has faster detection efficiency than the two-stage algorithm. In 2015, the 

YOLO (You Only Look Once, you only need to see it once) target detection algorithm was proposed 

by Redmon et al [20]. The main idea of the algorithm is that the target detection network takes pictures 
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as input, and then outputs the target category and detection frame. Compared with a series of 

algorithms based on R-CNN, the former has a significant improvement in detection speed, but the 

accuracy of detecting objects and small objects close to each other is not as good as the former. In 

2016, edmon et al. designed an improved algorithm YOLOv2 based on YOLO [21]. The author 

designed a scheme for target classification and detection at the same time, so the detection effect was 

improved while maintaining a high detection speed. In the same year, Wei Liu [22] and others 

designed an end-to-end algorithm SSD (Single Shot MultiBox Detector), which can predict feature 

maps of different scales, so that the detection accuracy can reach the accuracy of Faster R-CNN. In 

2018, Redmon et al. improved on the basis of YOLOv2 and designed YOLOv3 [24]. It draws on the 

idea of SSD, uses feature maps with different sizes as input for prediction, and uses a better backbone 

network. The R-CNN [23] series of algorithms have relatively weak accuracy in identifying objects, 

but it has achieved a relative balance between higher speed and higher accuracy. 

 

3. METHOD 

3.1 Network structure 

This paper proposes an improved Fast R-CNN based E-bike manned detection method, using the 

detection model process: first detect the E-bike and head in the image; then find out all passengers 

according to whether the center point of the head detection frame is in the E-bike area; finally, mark 

the passengers on the two wheeled vehicle in the image. The technical scheme is as follows: 

 
Figure 1 Flow chart of electric bicycle manned detection model 

 Although Fast R-CNN is widely used in image detection, target tracking and other visual tasks, 

its detection accuracy for small targets needs to be improved. Therefore, multi-scale convolutional 

neural network is introduced to solve this problem, and channel attention (CA) is introduced in the 

feature fusion stage to adjust the importance of each channel feature. The overall structure is shown 

in Figure 2. 

 
Figure 2 Improved overall structure framework of Fast R-CNN 

The multi-scale feature extraction network uses googlenet. Compared with VGG network, googlenet 

has a deeper and wider network framework, which can extract richer features of two wheeled vehicles 
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and human head, so as to improve the training results. The convolution kernel of different scales in 

googlenet is used to extract the features in the burst receptive field of the image, and the CA module 

is used to adjust the importance of the feature maps of different channels, and the generated feature 

maps are sent to the RPN to generate candidate regions; then the features of the extracted candidate 

regions are sent to the ROI pooling layer to be processed into fixed size feature vectors; Finally, it is 

sent to the full connection layer to realize the regression of classification and border. 

3.2 Inception V2 module 

The Inception V2 module is used in googlenet. The multi-layer structure of convolutional neural 

network can automatically learn different levels of image features. The low-level feature map retains 

the image edge, contour, texture and other local detail information, which is conducive to target 

location. The high-level feature map contains more abstract semantic information, which is conducive 

to target classification, but the perception of details is poor. Scale feature fusion fuses low-level 

features and high-level features through top-down horizontal connection to construct a feature 

representation with fine-grained features and rich semantic information. The fused features are more 

descriptive and conducive to small target detection. Its structure is shown in Figure 3. 

 
Figure 3 Inception V2 

3.3 Loss function 

Loss function of target detection method. The total loss function of the target detection method in the 

invention is defined as the weighted sum of the location loss (LOC) and the confidence loss (CONF) 

L(x, c, l, g) =
1

𝑁
(𝐿𝑐𝑜𝑛𝑓(𝑥, 𝑐) + 𝛼 ∙ 𝐿𝑙𝑜𝑐(𝑥, 𝑙, 𝑔)) 

Where 𝑁 is the number of positive samples of a priori box; 𝑥 is 𝑥𝑖,𝑗
𝑝
= {0, 1}, 𝑐 is the confidence, 𝑙 is 

the prediction box, 𝑔 is the real box, 𝛼 is the weight coefficient, 𝐿𝑐𝑜𝑛𝑓 is the confidence loss, 𝐿𝑙𝑜𝑐  is 

the location loss. 
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In order to minimize the error between the predicted value and the real value, the regression loss 

expression is as follows 

𝐿𝑙𝑜𝑐(𝑥, 𝑙, 𝑔) = ∑  
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Where, 𝑆𝑚𝑜𝑜𝑡ℎ𝐿1 stands for smooth L1 loss function, (𝑔𝑐𝑥,  𝑔𝑐𝑦, 𝑔𝑤, 𝑔ℎ) indicates the prediction 

bounding box. (𝑑𝑐𝑥,  𝑑𝑐𝑦, 𝑑𝑤, 𝑑ℎ) Indicates the error bounding box,〖(𝑙𝑐𝑥,  𝑙𝑐𝑦, 𝑙𝑤, 𝑙ℎ) represents 

the offset of the predicted bounding box from the error bounding box. 

 

4. EXPERIMENT 

4.1 Training 

Our experiment is on 4 Titan XP GPU. The network is based on the Pytorch framework. We use 

Adam optimizer to optimize the parameters and set the original learning rate to le-5. The parameters 

are randomly initialized by Gaussian distribution. The average value is zero and the standard 

deviation is 0.01. In addition to the output layer, we also use batch standardization layer and RELU 

layer after each convolution layer In order to improve the training speed and effectively avoid the 

disappearance and explosion of gradient. The network parameters are set as follows. 

Table 1 Network structure of feature extraction 

Layers Kernel/stride Output size 

Conv2d_1 Kernel_size=5, Stride=1 112×112×34 

MaxPool_1 Kernel_size=3, Stride=2 56×56×64 

Conv2d_2 Kernel_size=1, Stride=1 56×56×64 

Conv2d_3 Kernel_size=3, Stride=1 56×56×192 

MaxPool_2 Kernel_size=3, Stride=1 28×28×192 

Mixed_1  28×28×256 

Mixed_2  28×28×320 

Mixed_3  14×14×576 

Mixed_4  14×14×576 

Mixed_5  14×14×576 

Mixed_6  14×14×576 

4.2 Result analysis 

The comparison of the detection effect of the original algorithm and the improved faster CNN 

algorithm on the same image is shown in Figure 4. It can be seen from Figure 4 (a): in the first picture, 

the blocked rear passengers on the two wheeled vehicle are missed, and in the second and third 

pictures, the passengers with small visual distance are missed, which indicates that the effect of the 

original algorithm is not good. Figure 4 (b) can detect the blocked head and small size head, reflecting 

the better effect of the improved algorithm. 
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(a) Original faster CNN algorithm detection effect picture 

 
(b) Detection effect picture of improved faster CNN algorithm 

Figure 4 Comparison of detection effect of faster CNN algorithm before and after improvement 

The comparison before and after the improvement is shown in Table 2. It can be seen from table 2 

that there are 1 056 actual heads, and 35 targets in the improved algorithm are missed because the 

heads of these passengers are seriously blocked and the features are not obvious.  

Table 2 Comparison of algorithm before and after improvement 

Methods 𝑁𝑇𝑃 𝑁𝐹𝑁 𝑁𝐹𝑃 Recall Accuracy 

Original algorithm 951 105 122 90.09 90.09 

Improved algorithm 1221 35 95 96.96 92.31 

There are 95 false detections, some of which are the trunk of two wheeled vehicles being mistakenly 

detected as human heads, but mainly pedestrians near two wheeled vehicles being mistakenly 

detected as on-board personnel. The detection accuracy of the improved algorithm is 92.31%, and the 

recall rate is 96.96%.  

 

5. CONCLUSION 

A detection model based on improved faster CNN algorithm is proposed. The detection performance 

of the model is improved by optimizing RPN and using soft NMS. The improved algorithm improves 

the accuracy and recall rate of two wheel vehicle occupant detection, and the performance of the 

model is also effectively improved. The next step will focus on the pedestrian interference and serious 

occlusion near two wheeled vehicles, in order to further improve the performance of two wheeled 

vehicle manned detection. 
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