
 

Abstract—With the rapid development of artificial intelligence, 
neural network is widely used in various fields. Target detection 
algorithm is mainly based on neural network, but the accuracy of 
target detection algorithm is greatly related to the complexity of 
scene and texture. A target detection algorithm based on RGB-D 
image from the perspective of the lightweight of target detection 
network model and the integration of depth map to overcome the 
weak environmental illumination with self-powered sensors 
information is proposed. This paper analyzes the network model 
structure of YOLOv4 and MobileNet, compares the variation of 
parameter number between depthwise separable convolution 
and convolutional neural network, and combines the advantages 
of YOLOv4 network and MobileNetv3 network. The main network 
of three effective feature layers in YOLOv4 is replaced by 
MobileNetv3 network for initial feature layer extraction to 
strengthen the feature extraction network. At the same time, the 
standard convolution models in the network are replaced by 
depthwise separable convolution. The proposed method is 
compared with YOLOv4 and YOLOv4-MobileNetv3 in this paper, 
and the experimental results show that the proposed network 
retains its original advantages in accuracy, but the size of the 
network model is about 23% of that of YOLOv4 network model, and the processing speed is about 42% higher than that 
of YOLOv4 network model, and the detection accuracy can still reach 83% in the environment with poor lighting 

. 
Index Terms—Target detection; Two-stream convolutional neural network; Depthwise separable convolution; YOLOv4; 

MobileNet; Self-powered sensors information 

 

 I.  INTRODUCTION 

 
This research has been financed by grants of the National Natural 

Science Foundation of China (Grant Nos. 52075530, 51575407, 
51975324, 51505349, 61733011, 41906177); the China Scholarship 
Council for Visiting Scholars (No. 201908420379), the Grants of Hubei 
Provincial Department of Education (D20191105); the Grants of 
National Defense PreResearch Foundation of Wuhan University of 
Science and Technology (GF201705) and Open Fund of the Key 
Laboratory for Metallurgical Equipment and Control of Ministry of 
Education in Wuhan University of Science and Technology 
(2018B07,2019B13) and Open Fund of Hubei Key Laboratory of 
Hydroelectric Machinery Design & Maintenance in China Three Gorges 
University(2020KJX02, 2021KJX13).  

Li Huang, is with College of Computer Science and Technology, 
Wuhan University of Science and Technology, Wuhan 430081; Hubei 
Province Key Laboratory of Intelligent Information Processing and 
Real-time Industrial System, Wuhan University of Science and 
Technology, Wuhan 430081, China  (e-mail: huangli82@wust.edu.cn). 

Zhao Xiang, is with College of Computer Science and Technology, 
Wuhan University of Science and Technology, Wuhan 430081 (e-mail: 
2444985908@qq.com). 

Juntong Yun, is with Key Laboratory of Metallurgical Equipment and 
Control Technology of Ministry of Education, Wuhan University of 

ITH the rapid development of artificial intelligence, 

self-powered sensors have been widely used in various 

fields, and object detection is one of the important research 

fields in the field of machine vision [1-5]. It can not only reflect 
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the development level of computer technology, but also show 

the maturity of computer in various fields [6-9]. Over the past 

20 years, target detection can be divided into two periods: the 

traditional object detection algorithm and the object detection 

algorithm based on deep learning benefit from the 

improvement of computer chip performance and the 

introduction of Convolutional Neural Networks (CNN) [10-15]. 

Position of objects in 2D images is one of the basic target 

detection tasks [16-20]. Traditional target detection algorithms 

are difficult to achieve fast and accurate position. Target 

detection methods based on deep learning have high 

requirements on equipment hardware, but the mobile robot's 

own characteristics will lead to low hardware performance 

[21-26]. Therefore, the lightweight of deep learning network is 

an urgent problem to be studied. 

A two-stream YOLOv4-MobileNetv3 target detection 

network is proposed in this paper. The trunk network of 

YOLOv4 is replaced, and two identical trunk networks are used 

to extract the features of color image and depth image 

respectively. After obtaining the two features, the 

corresponding size features are fused, and further feature 

extraction is carried out, and then classification and location are 

carried out. Finally, a target detection network with high 

accuracy under low light conditions is obtained. 

The key contributions of this work are: 

(1) The network model structure of YOLOv4 and MobileNet 

is analyzed, and the variation of parameter number between 

depthwise separable convolution and convolutional neural 

network is compared. 

(2) Combining the advantages of YOLOv4 network and 

MobileNetv3 network, a target detection network based on 

RGB-D image is proposed. 

(3) The proposed algorithm is compared with YOLOv4 and 

YOLOv4-MobileNetv3 to verify the superiority of the 

proposed algorithm. 

The rest of this paper is organized as follows: Section Ⅱ 

discusses related work, followed by target detection algorithm 

based on RGB-D image with two-stream convolution neural 

network in Section Ⅲ. Section Ⅳ carries out experiments and 

analyzes the results, and Section Ⅴ concludes the paper with 

summary and future research directions. 

II. RELATED WORK 

With the development of machine vision technology, target 

detection based on deep learning has incomparable accuracy 

and efficiency compared with traditional methods [27-28]. At 

present, most target detection algorithms can be divided into 

two categories: one-stage and two-stage [29-31]. The former 

takes YOLO (You Only Look Once) and SSD (Single Shot 

MultiBox Detector) as the main framework [32]. The latter is 

represented by RCNN, Fast RCNN and Faster RCNN [33-36].  

CNN has good features of feature extraction and 

classification, and RCNN adopts the method of region 

suggestion to achieve target detection on this basis [37]. 

However, overlapping candidate frames in the image will lead 

to a large amount of redundant information in the process of 

feature extraction, and the running speed is low. On this basis, 

Fast RCNN and Faster RCNN are proposed. Mask RCNN takes 

Faster RCNN as the prototype, and turns the pooling layer of 

the region of interest into the interest frame.  

Meanwhile, a parallel algorithm FCN is added for image 

segmentation to achieve the effect of semantic segmentation 

[38-39]. The structure of YOLO network is different from that 

of Faster RCNN, which doesn’t generate candidate regions and 

directly outputs the category and position coordinate values of 

objects. Therefore, the detection speed of YOLO network is 

higher than that of Faster RCNN, and it is often used for 

real-time image detection tasks. Two types of networks are 

based on the mechanism of anchor box, anchor boxes represent 

the candidate target's initial state which is a kind of an effective 

way to obtain the potential distribution area, but the calculation 

of network has brought more quantity and need prior 

knowledge. Therefore, many scholars put forward without 

anchor box out of the use of anchor box calculation, so that 

detection and segmentation are real-time, high precision 

forward [40-41]. Duan et al. proposed a new two-stage frame 

without anchor frame, which first obtains multiple proposal 

objects by looking for potential combination of corner points, 

and then assigns a class label to each proposal through an 

independent classification stage, with the ability to detect 

targets at various scales [42]. Zhu et al. from the Angle of the 

anchor point detector performance, confirm invalid training as 

the main problem, put forward an effective training strategy, 

containing soft weighted anchor point and soft select level of 

the pyramid, respectively, solving the problem of wrong 

attention in each level of the pyramid and all the level of the 

pyramid feature selection problem [43]. Ge et al. propose a 

novel manifold learning algorithm for infrared object detection 

and classification to improve the classification accuracy of 

infrared images in the manifold space. The proposed algorithm 

uses the Kullback-Leibler (KL) divergence to minimize the loss 

function between two symmetrical distributions, and finally 

completes the classification in the low-dimensional manifold 

space[44]. Shi et al. propose a method of vehicle multi-object 

identification and classification based on the YOLOv2 

algorithm to solve the classical multi-object classification 

problems of low detection rate, poor robustness and 

unsatisfactory effect on real road environment[45]. All of the 

networks mentioned above have high accuracy and high speed, 

but they have high demand for hardware and can’t be used on 

edge devices [46-50]. Therefore, many scholars have done a lot 

of work on network lightweight [51-53]. 

Megvii proposes ShuffleNet network to lightweight the 

target detection network model, so that it could be used in 

mobile devices [54]. The strategy of point-by-point 

convolution and channel mixing is adopted to greatly reduce 

the computational cost while maintaining the accuracy [55-57]. 

In 2021, Google proposes MobileDets network by 

incorporating Regular CNN in the search space and directly 

optimizing the network architecture of target detection. Xiong 

et al. proposes an enhanced search space based on Regular 

convolution building blocks, which proved that NAS method 

could gain great benefits from such expanded search space [58]. 

For better delay accuracy across a variety of mobile devices, 

Nilwong et al. integrate the image detection algorithm into the 

positioning of outdoor mobile robots [59], which use two 

methods to locate outdoor mobile robots. Firstly, Faster 

R-CNN detects landmarks in the image, and then uses 



feed-forward neural networks to calculate the position and 

direction of the robot according to the landmarks. Secondly, a 

single convolutional neural network is used to detect the entire 

image to calculate the position and direction. 

Target detection methods based on deep learning have high 

precision and speed, but high precision requires good 

illumination conditions and clear images during image 

acquisition, while high speed requires powerful hardware 

support [61-62]. Therefore, it is necessary to make the target 

detection network lightweight and integrate the depth map into 

the detection network so that it can still be recognized in the 

poor lighting environment.  

III. TWO-STREAM TARGET DETECTION ALGORITHM BASED 

ON RGB-D IMAGE 

A. YOLOv4 Target Detection Algorithm 

YOLOv4 mainly includes four module : input layer, trunk 

network, feature extraction and classification module, and 

detection head part, as shown in Fig. 1. Based on the 

infrastructure of the original YOLOv3 target detection 

algorithm, this algorithm integrates the deep convolutional 

neural network in recent years and changes the original network 

from data preprocessing, trunk network optimization, network 

model training, activation function use and other aspects on the 

premise of ensuring detection speed [63-64]. 

 
Fig. 1. YOLOv4 network framework 

Darknet53 is the backbone network of YOLOv3 feature 

extraction, which improves the feature extraction capability of 

the network, and accelerates the network due to the existence of 

fast paths across residuals. Mish activation functions are 

introduced in the backbone network, as shown in Fig. 2. 

 
Fig. 2. Activation functions 

The activation function has the characteristics of unbounded 

upper and lower bounds, infinite continuity and smooth 

non-monotonic, which avoids the gradient saturation 

phenomenon of sharp decline in training speed. Compared with 

other activation functions, the non-monotonic function on the 

negative axis solves the problem that input negative numbers 

aren’t activated at all. The calculation equation is as follows: 
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Spatial feature Pyramid Pooling Networks (SPP) and Path 

Aggregation Network (PANet) are composed of modules 

(Chen et al.b, 2021; He et al., 2019; Xu et ai., 2022). Spatial 

features pyramid pooling module mainly solve different scale 

figure from the whole connection layer, as shown in Fig. 3. 

 

 
Fig. 3. Spatial feature pyramid pooling module (SPP) 

The detection head of YOLOv4 is the same as that of 

YOLOv3, but the loss function in the detection head training 

strategy is slightly changed. The value of Intersection-over- 

Union (IoU) is commonly used to express the overlap rate 

between candidate items and the original label box in target 

detection, as shown in Eq. (2). However, this is only a simple 

ratio concept insensitive to the scale of the target object. Eq. (4) 

shows the loss function of IoU. In YOLOv4, CIoU is 

introduced into the regression loss function of the frame, which 

takes into accounts the distance between the real frame and the 

prediction frame. The scale and the width and height ratio of the 

two frames, so that the target frame regression becomes more 

stable. 
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Where, B  represents the prediction frame, gtB  represents the 

real frame. 
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Where, 2 ( , )gtB B  is the Euclidean distance between the 

prediction frame and the center point of the truth frame; 2c  

refers to the square of the diagonal length of the smallest box 

that can contain the prediction box and the real box. 
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Where, , , ,gt gtw w h h  are the width and height of the 

prediction box and the real box respectively. 

 

B. Target Detection Algorithm Based on MobileNetv3 

MobileNet series network is a lightweight neural network 

first proposed by Google, which focuses on the use of mobile 

devices. The core reform of MobileNet network is to change the 

standard convolutional neural network layer into depthwise 

separable convolution. The structure of the change is shown in 

Fig. 4. 

 
Fig. 4. The structure of depthwise separable convolution 

Depthwise separable convolution is composed of channel by 

channel and point by point convolution. Channel-by-channel 

convolution uses a single filter to filter each single input 

channel. After this process, the number of channels in the input 

feature graph is consistent with that in the output. The number 

of channels in the input feature graph is M . After deep 

convolution, the number of channels is still M . Point-by-point 

convolution applies 1×1 convolution kernel to fuse the output 

of all deep convolution, and carries out point-by-point 

convolution through the convolution against the features of the 

previous layer to generate a new feature graph. The final 

number of channels is the number of convolution kernels set in 

point-by-point convolution, as shown in Fig. 4. 

Suppose that on a standard convolution layer, as shown in 

Fig. 5, the input layer is W HF F M  , and the output layer is 

HWF F N   . Where, ,W WF F   is the width of the feature layer, 

,H HF F   is the height of the feature layer, ,M N  is the number of 

channels and dimension, and the size of the convolution kernel 

is W HK K M N   . 

 

 
Fig. 5. Calculation structure of standard convolution layer 

In the case that there is no filling, the step size is 1, and bias 

isn’t considered, the parameter number and computation 

amount of the standard convolution layer are shown in Eq. (8) 

and (9) respectively. 

 

conv W HPara K K M N=                          (8) 

 

conv W H W HCal F F K K M N=                     (9) 

 

In the depthwise separable convolution shown in Fig. 4, the 

feature input with the same size and dimension as the standard 

convolution shown in Fig. 5 is guaranteed, and the same output 

feature layer is obtained. The number of parameters and 

computation is shown in Eq (10) and (11). 

 

1Dconv W HPara K K M M N=    +                (10) 

 

Dconv W H W H W HCal F F K K M M N F F=     +      (11) 

 

From Eq. (8) to Eq. (11), the multiple relationship between 

the number of parameters and the amount of calculation can be 

calculated, as shown in Eq. (12) and (13): 
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Therefore, when the convolution kernel size is the commonly 

used convolution 3 3 , the depthwise separable convolution 

can reduce the number of parameters and computation to 

between 1/ 8 and 1/ 9  of the original parameters and 

computation. Depthwise separable convolution also introduces 

another parameter   which is width multiplier. When   1, 
each layer features will be thinner, that is, fewer channels. Eq. 

(10) and (11) above will be weighted, and the results are shown 

in Eq. (14) and (15) as follows: 

 

1Dconv W HPara K K M M N  =    +            （14） 

 

Dconv W H W H W HCal F F K K M M N F F  =     +       （15） 

 

With the help of depthwise separable convolution, the 

number of network parameters and the amount of computation 

are greatly reduced. Subsequently, the Google team further 



optimized the module, and the Bneck module used by 

MobileNetv3 which is shown in Fig. 6. 

 
Fig. 6. Bneck module 
 

Since the 1 1  convolution kernel has the ability of dimension 

up and dimension down. Firstly, the feature dimension up can 

be used, the depth separable convolution can be carried out, and 

the 1 1  convolution kernel can be used for dimension down. 

Secondly, the inverse residual structure with linear bottleneck 

is used, and a lightweight attention model based on SE 

(Squeeze and Congestion) structure is introduced to adjust the 

weight of each channel. At the same time, the calculation speed 

of the model is faster without causing the loss of accuracy. 

C. Two-stream YOLOv4-MoblieNetv3 Target Detection 
Network 
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Fig. 7. Two-stream YOLOv4-MoblieNetv3 target detection network 
model 

Whether it is YOLO series network or MoblieNet network, 

their high precision is usually in the environment with good 

lighting conditions and obvious objects. If the lighting 

environment is poor, hardware lighting is usually adopted as a 

solution. YOLO series has higher detection accuracy and faster 

detection speed. YOLOv4 is more effective than previous 

networks and requires less GPU performance. MobileNetv3 

network has a certain detection accuracy and a smaller network 

structure, which can be used on terminal devices. 

The trunk network of YOLOv4 which initially obtained three 

effective feature layers is replaced by MobileNetv3 network for 

initial feature layer extraction. Three feature layers are selected 

in MobileNetv3 network to replace the original effective 

feature layer and retain the second part of YOLOv4 network, as 

shown in Fig. 7. 

Depth feature and another backbone network is introduced as 

feature extractor of depth data to realize object detection in dim 

environment. Firstly, the features of color image and depth 

image are extracted for the first time, then two features are 

fused and further feature extraction is carried out. The 

improved network is shown in Fig. 8. Each square in the figure 

represents a module, including the module name, the size of the 

convolution kernel, the characteristic scale after passing 

through the network layer and the number of times the module 

runs. Conv represents the convolution operation in this layer 

module, but doesn’t represent the standard convolution layer. 

The backbone network extracts three primary feature layers of 

different sizes, and then carries on higher feature extraction and 

fusion. 

IV. TARGET DETECTION EXPERIMENT IN MULTIPLE 

SCENARIOS 

A. Experimental Environment and Training Data Set 

The hardware system of this experiment is Ubantu system, 

and the programming software is Python3.8. The deep learning 

framework is composed of Tensorflow 2.2.0. The data set used 

in the experiment is the RGB-D data set collected by RealSense 

D435i camera and the weight file of COCO data set 

corresponding to the network. Since pre-training weights can 

greatly reduce the training duration and effectively avoid the 

problems of random weights and obscure feature extraction 

caused by training from scratch, the weights of the trunk 

networks in YOLOv4 network all adopt the open weight files of 

the network trained COCO data sets as the pre-training weights. 

The idea of frozen training is derived from transfer learning. 

In object detection networks, the features extracted by 

backbone networks are often generic. So, this part of 

parameters is often desirable when using weight files publicly 

available in large datasets. Therefore, the backbone network is 

frozen to keep its weight unchanged in the training process. 

This method can greatly reduce the video memory occupied in 

the training of the network, and the weight of the network is just 

fine tuning. Therefore, the process of unfreezing training is 

completely opposite to the concept of freezing. In the process of 

unfreezing training, all parameters in the network are changing, 

and the feature extraction parameters in the backbone network 

will also change. Both YOLOv4 network and 

YOLOV4-MoblienetV3 network are trained by the 

combination of the two. In the dual-stream 

YOLOV4-MoblienetV3 network, the main network is changed, 

so the training starts from 0, and the training mode is thawed in 



the first 200 epochs.  

In the training process, the batch processing size of frozen 

training is 8, the batch size of unfrozen training is set to 4, and 

the learning rate is set to 0.001. The adaptive momentum 

estimation is used to adaptively adjust the learning rate. The 

ratio between the dataset and the validation set is 1:0.9. 

B. Experimental results and analysis 

RealSense D435i camera is used to collect images to 

establish indoor scene data set in this paper, analyze the camera 

model, and deduce the necessary internal parameter matrix and 

external parameter matrix for the use of the camera, as well as 

the lens distortion problem. The internal and external 

parameters are obtained by calibrating the camera lens with 

Zhang's checkerboard, and the color image is aligned and 

registered with the depth image during data acquisition. 

A multi-object data set of lighting environment changes in 

complex background is made by comprehensively considering 

the lighting changes in indoor scenes, the diversity of objects 

and the performance of the camera. The data set contains six 

types of objects, including display, keyboard, thermos cup, 

chair, stool and carton. In the process of data collection, the 

object remains stationary, while the camera moves at constant 

speed, acceleration, deceleration and rapid shaking. The final 

data set consists of about 5000 pieces, each of which has a size 

of 640*480 pixels. Fig. 8 is a color map, and Fig. 9 is a 

pseudo-color map of the corresponding depth map. 

 
Fig. 8. Color data set in indoor office scene 

 
Fig. 9. Depth image data set in the indoor office scene 

During the training process, the batch size of frozen training is 

set to 8, the batch size of unfrozen training is set to 4, and the 

learning rate is set to 0.001. Adaptive Moment Estimation is 

used to adjust the learning rate adaptively. Fig. 10, Fig.11 and 

Fig.12 show the training results of YOLOv4 network, 

YOLOv4-MoblieNetv3 network and two-stream YOLOv4- 

MoblieNetv3 network under the same data set. 

 
Fig. 10. YOLOv4 network target detection results 

 
Fig. 11. Detection results of YOLOv4-MobileNetv3 network targets 

 
Fig. 12. Detection results of two-stream YOLOv4-MobileNetv3 network 
targets 

TABLE Ⅰ 

COMPARISON OF DETECTION RESULTS OF THREE TARGET DETECTION 

ALGORITHMS 

Scene Item YOLOv4 
YOLOv4- 

MobileNetv3 

Two-stream 
YOLOv4- 

MobileNetv3 

P1 

chair 1.00 0.98 0.97 

chair 0.94 0.86 0.98 
thermos 1.00 0.96 0.93 

P2 
box 0.91 0.86 0.97 

stool 0.99 0.99 0.99 

P3 

monitor 0.95 0.94 0.87 

monitor 0.63 \ \ 

keyboard 1.00 0.93 0.83 

P4 
box 0.98 \ 0.99 

box 0.97 0.95 0.96 

P5 chair \ \ 0.87 
P6 chair \ \ 0.90 

 

In order to compare the results of target detection in the 

above six scenes more directly, the target detection results in 

the figure are made into Tab. 1. P1-P6 in Tab. 1 are the six 



scenes in Fig. 10 Fig. 11 and Fig. 12 from left to right and from 

top to bottom respectively. The second column is the target 

appearing from left to right and from top to bottom in each 

group of six images; the third column to the fifth column are the 

confidence degree of each target in the figure respectively, and 

the slash is that the network does not detect the target in this 

image. Combined with Fig. 10, 11, 12 and Tab. Ⅰ, it can be 

found that the detection accuracy of the three networks is 

higher, among which the accuracy of YOLOv4 network is 

higher than that of YOLOv4-MobileNetv3 network, and the 

detected items are more comprehensive. However, in the dim 

light scene where the illuminance is below 2 lux, such as P5 and 

P6, the target can’t be detected. However, the two-stream 

YOLOv4-MobileNetv3 network proposed in this paper can’t 

only detect the target in the dim environment but also have a 

high detection accuracy. 

 
Fig. 13. YOLOv4 network target detection results 

 
Fig. 14. Detection results of YOLOv4-MobileNetv3 network targets 

 
Fig. 15. Detection results of two-stream YOLOv4-MobileNetv3 network 
targets 

From Fig. 13, Fig14 and Fig15, it can be found that the two 

types of networks have higher detection accuracy for target 

objects. In the case of good light, YOLOv4 network can detect 

objects more comprehensively, but in the case of poor light, 

YOLOv4 network cannot detect objects, but the two-stream 

network proposed in this paper has higher accuracy.  

In order to compare the three networks more intuitively, the 

number of parameters, network weight, processing speed and 

map of the three networks are shown in Tab. Ⅱ. the results in 

the tab. 2 are displayed that yolov4-mobilenetv3 network is 

slightly stronger in terms of the number of parameters and 

network processing speed. But it can be seen from tab. 1 that 

the detection effect of this network is poor in a poorly lit 

environment. The number of parameters in the proposed 

two-stream yolov4-mobilienetv3 network is only about 22% of 

the classical yolov4 network, and its processing speed is about 

42% higher than that of yolov4 network. It can be seen that the 

network proposed in this paper is more lightweight and its 

working speed is also improved to some degree.  
TABLE Ⅱ 

GRASPING EXPERIMENTAL RESULTS OF SINGLE OBJECT GRASPING 

Item YOLOv4 

YOLOv4-

MobileNetv

3 

Two-stream 

YOLOv4-Mobil

eNetv3 

The number of parameter 64,030,915 11,393,251 14,347,870 
The size of weight file 245M 44.4M 56.2M 

FPS 5.29507 10.42101 7.52018 

mAP 93.84% 94.63% 95.01% 

 

V.  CONCLUSION  

The target detection algorithm in image processing has high 

requirements on the light in the detection environment, and the 

high precision network often has deep network layers and large 

number of parameters, which leads to a strong dependence on 

hardware. Firstly, YOLO series networks with high detection 

speed and accuracy are analyzed, and the structure of YOLOv4 

network is analyzed. Secondly, MobileNet, a lightweight 

network that can be well tested on mobile terminals, is analyzed 

to further understand and apply deeply separable convolution. 

Based on these two types of networks, this paper combines 

them and further improves them to add depth information to get 

a two-stream YOLOv4-MobileNetv3 network. Experimental 

results show that the proposed method retains its original 

advantages in accuracy compared with the classical YOLOv4 

network, but has a smaller number of parameters, and the 

network model is about 23% of the YOLOv4 model. Moreover, 

due to the integration of deep information, the network 

proposed in this paper still has a high accuracy in the 

environment with poor lighting conditions, which verifies the 

superiority of the network. There are only six types of target 

objects in the dataset prepared in this paper, but there are more 

objects in the general indoor workplace. Therefore, the dataset 

can be further expanded in the subsequent research, including 

integrating into the standard dataset and making data sets 

containing other categories, and the method proposed in this 

paper needs to be further ti in the detection accuracy. 
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