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ABSTRACT 

Machine learning algorithm evaluation  

on advanced driver assistance 

 

In this research and development project, our main purpose is to study four deep 

learning architectures for real-time object detection of people and bicycles 

encountered in front of driving. 

 

We use 4 different algorithms for the same data set, and compare the mAPs 

obtained after training. And discuss which method is the most accurate, but also consider 

the time it takes to get what is suitable for what kind of scene. 

 

The project I came up with would like to be used in a driving assistance system. 

The system uses camera sensors to get input, and then uses algorithms to assist, so that 

the safety of the car is guaranteed when driving. At the same time, it can run on a low-

performance version of the machine and compare the fps of different algorithms. 
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Chapter1 -  Introduction 

Pedestrian Detection has always been a hot and difficult point in computer vision 

research. The problem to be solved by pedestrian detection is to find all pedestrians in 

an image or video frame, including their position and size, which are generally 

represented by rectangular boxes, similar to face detection, which is also a typical target 

detection problem. 

 

Pedestrian detection technology has a strong use value. It can be combined with 

pedestrian tracking, pedestrian re-identification and other technologies. It can be used 

in automotive unmanned driving systems (ADAS), intelligent robots, intelligent video 

surveillance, human behavior analysis, passenger flow statistics systems, and intelligence 

Transportation and other fields. 

 

Since the human body is quite flexible, there will be various postures and shapes, 

and its appearance is greatly affected by wearing, posture, viewing angle, etc., and it 

also faces the influence of factors such as occlusion and illumination. This makes 

pedestrian detection a computer vision A very challenging subject. The main problems 

to be solved in pedestrian detection are: 

 

The appearance is very different. Including viewing angle, posture, clothing and 

attachments, lighting, imaging distance, etc. Looking at the past from different angles, 

the appearance of pedestrians is very different. Pedestrians in different postures have 

very different appearances. Due to the different clothes that people wear, as well as the 

influence of umbrellas, hats, scarves, luggage and other attachments, the appearance 

is very different. The difference in lighting also caused some difficulties. The human body 

at a distance and the human body at a close distance are also very different in 

appearance. 
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Occlusion problem. In many application scenarios, pedestrians are very dense 

and there are serious occlusions. We can only see a part of the human body, which brings 

serious challenges to the detection algorithm. 

The background is complicated. Whether indoor or outdoor, pedestrian detection 

generally faces very complicated backgrounds. The appearance and shape, color, and 

texture of some objects are very similar to human bodies, which makes the algorithm 

unable to distinguish accurately. 

Detection speed. Pedestrian detection generally uses a complex model with a 

large amount of calculations. It is very difficult to achieve real-time and generally requires 

a lot of optimization. 

 

Chapter1.1 -  Motivation 

One day in the future, new energy vehicles will eventually replace fuel vehicles, 

and autonomous driving will also replace the driver one day in the future. 

The current level of autonomous driving is formulated by the SAE International[27], 

which is divided into 6 levels (L0-L5). 

-Level L0: The driver is in full control of the vehicle; 

 

-Level L1: The automatic system can sometimes assist the driver to complete 

certain driving tasks; 

 

-Level L2 assisted driving: The automatic system can complete certain 

driving tasks, but the driver needs to monitor the driving environment and 

complete the rest, while ensuring that problems occur and take over at any 

time. At this level, the wrong perception and judgment of the automatic 

system can be corrected by the driver at any time, and most car 

companies can provide this system. L2 can be divided into different usage 
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scenarios based on speed and environment, such as low-speed traffic jams 

on the loop, fast driving on highways, and automatic parking by the driver 

in the car; 

 

-Level L3 semi-autonomous driving: The automatic system can not only 

complete certain driving tasks, but also monitor the driving environment 

under certain conditions, but the driver must be ready to regain driving 

control (when the automatic system requests it). Therefore, at this level, the 

driver still cannot sleep or take a deep rest. After the completion of L2, the 

research field of car companies is extended from here. Due to the 

particularity of L3, the most meaningful deployment currently seen is to 

upgrade on the high-speed L2; the difference between L3 and L2 is that 

the vehicle is responsible for peripheral monitoring, and the human driver 

only needs to maintain attention for emergencies. 

 

-Level L4 highly automated driving: Automated systems can complete 

driving tasks and monitor the driving environment under certain 

environments and specific conditions; currently, the deployment of L4 is 

mostly based on city use, which can be fully automated valet parking. It 

can also be directly combined with taxi services. At this stage, within the 

scope of autonomous driving, all tasks related to driving have nothing to 

do with the driver and passengers. The perception of external responsibility 

lies in the autonomous driving system, and there are different design and 

deployment ideas here; 

 

-Level L5 fully automated driving: all driving tasks that the automated 

system can complete under all conditions. 
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What we currently call Autonomous Driving System (ADS) is usually at level 3 to 5. 

We are now between 3-4. So, for this part, it belongs to conditional automation. Safety is 

very important in the process of automatic driving. One of the functions that you want to 

accomplish through target recognition is called automatic emergency braking.  

 

Summary:  

1. How to make real-time information feedback in a permitted manner 

2. How to determine the most suitable system in terms of efficiency 

 

Chapter1.2 -  Objective 

I did this project to make a contribution to the safety system of auto-driving cars. 

So, in this project, what needs to be clearly analyzed is to identify pedestrians and 

bicycles in a specific scene, such as a street. 

Based on modeling and machine learning methods, we can already use 

technology to achieve better pedestrian detection efficiency or accuracy under 

specific conditions. The features learned by deep learning have strong level expression 

ability and good feasibility, which can better solve some visual problems. Therefore, we 

choose to use a deep convolutional neural network to solve the problem of pedestrian 

and bicycle detection. 

Using general object detection frameworks based on deep learning, such as SSD, 

YOLO, FASTER-RCNN+fpn, etc., can be directly applied to pedestrian and bicycle 

detection tasks. We need to use the appropriate data set, use analogies, and use these 

frameworks mentioned above to achieve the target detection of pedestrians and 

bicycles, and compare their real-time training results on the same data set. 

When completing this project, I hope to be able to use different algorithms to 

identify pedestrians and bicycles on the street. And it is possible to compare which 

algorithm is most in line with expectations under the conditions (hardware, scene, etc), 

which means that it can detect enough targets.
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Chapter2 -  Contribution of student 

Chapter2.1 -  Plan of Works 
● Introduction and motivation of the development project 

● Search for available data sets 

● Analyze the data set and make it available 

● Analysis and selection algorithm 

● Read technical articles on object detection 

● Read papers on 4 algorithms: vgg16_ssd, mobilev3_ssd, yolov4, 

faster_rcnn_r50+fpn 

● Different structural systems and models 

● Understand the architecture of the algorithm 

● Download and install the environment to implement the algorithm 

● Edit the data set so that the algorithm vgg16_ssd and mobilev3_ssd can be used  

● Implement the algorithm code of vgg16_ssd and mobilev3_ssd 

● Edit the data set so that the algorithm yolov4 can be used 

● Implement the algorithm code of yolov4 

● Edit the data set so that the algorithm faster_rcnn_r50+fpn can be used 

● Implement the algorithm code of faster_rcnn_r50+fpn 

● Adjust the technical parameters of each model to increase the accuracy 

● Development of low-performance machine (jetson nano 2GB) 

● Configure a low-performance version of the environment 

● Configure mobilev3_ssd in jetson nano 

● Configure vgg16_ssd in jetson nano 

● Configure yolov4 in jetson nano 

● Configure faster_rcnn_r50+fpn in jetson nano 

● Plot the images of mAPs of various models 

● Analyze the comparison of the results obtained after different algorithm training 

● Develop an objective and conclusions of the work 

● Communicate with the teacher and make a complete contribution to the work 
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Chapter2.2 -  Flow Chart 

 
Figure[2.2.1] Flow  Chart
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Chapter3 -  Advanced and architecture 

 

Chapter3.1 -  Convolutional Neural Network, CNN 

-Convolutional neural network (CNN) has been widely used in the field of 

computer vision in recent years due to its powerful feature extraction capabilities. In 1998, 

Yann LeCun et al. proposed the LeNet-5 network structure, which allows convolutional 

neural networks to be trained end-to-end and applied to document recognition. The 

LeNet-5 structure is the most classic network structure of CNN, and the later developed 

convolutional neural network structures are derived from this version. 

 

Convolutional Neural Networks (CNN) is a type of Feedforward Neural Networks 

(Feedforward Neural Networks) that includes convolution calculations and has a deep 

structure. It is one of the representative algorithms of deep learning [1][2]. Convolutional 

neural network has the ability of representation learning, and can perform shift-invariant 

classification of input information according to its hierarchical structure, so it is also called 

"shift-invariant artificial neural network (Shift-Invariant Artificial Neural Network). Neural 

Networks, SIANN)" [3] 

 

A typical CNN consists of 3 parts: 

1.Convolutional layer 

2.Pooling layer 

3.Fully connected layer 

 

If you briefly describe it: 
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The convolutional layer is responsible for extracting local features in the image; the 

pooling layer is used to greatly reduce the parameter magnitude (dimensionality 

reduction); the fully connected layer is similar to the part of the traditional neural network 

to output the desired result. 

 

1.Convolution-extracting features 

The operation process of the convolutional layer is shown in the following figure, and a 

complete picture is scanned with a convolution kernel: 

 

                          Figure[3.1.1] Convolutional layer extraction features 

This process can be understood as we use a filter (convolution kernel) to filter each small 

area of the image, so as to obtain the feature value of these small areas. 

 

2.Pooling layer (downsampling)-data dimensionality reduction to avoid overfitting 

The pooling layer is simply downsampling, which can greatly reduce the dimensionality 

of the data. The process is as follows: 



9 

 

 

Figure[3.1.2] Pooling layer data dimensionality reduction 

 

In the above figure, we can see that the original picture is 20×20, we downsample it, the 

sampling window is 10×10, and finally it is downsampled into a 2×2 feature map. 

 

The reason for this is that even after the convolution is done, the image is still very large 

(because the convolution kernel is relatively small), so in order to reduce the data 

dimension, downsampling is performed. 

 

3.Fully connected layer-output results 

This part is the last step. The data processed by the convolutional layer and the pooling 

layer is input to the fully connected layer to obtain the final desired result. 

 

After the data reduced by the convolutional layer and the pooling layer, the fully 

connected layer can "run", otherwise the amount of data is too large, the calculation 

cost is high, and the efficiency is low. 
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Figure[3.1.3] Fully connected layer output result 

 

Chapter3.2 -  Target detection network 

  -Commonly used detection can be roughly divided into two categories: two 

stage and one stage. Two stage means that the detection network is divided into two 

steps. The first step is to frame the object, and the second step is to determine the 

classification of the object. One stage is to directly use the regression network to get its 

classification and detection frame based on the extracted features. Among them, Faster 

R-CNN belongs to two stage, SSD and YOLO belong to one stage. 

 

-The advantage of one stage is fast, and the advantage of two stage is accuracy. 

After getting the detection frame, it is much easier to classify this task than directly 

returning to the network to get the classification. 

 

Chapter3.2.1 -  Two stage 

1. Faster-RCNN[4] 

The Faster-RCNN model introduces RPN (Region Proposal Network) to directly 

generate candidate regions. Faster-RCNN can be seen as a combination of RPN and 

Fast RCNN models, that is, Faster-RCNN = RPN + Fast-RCNN. 
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        For the RPN network, a CNN model (generally called a feature extractor) is 

first used to receive the entire picture and extract the feature map. Then an N×N (3×3 in 

the text) sliding window is used on this feature map, and a low-dimensional feature (such 

as 256-d) is mapped to each sliding window position. Then this feature is sent to two fully 

connected layers, one for classification prediction and the other for regression. Generally, 

k a priori boxes (anchors, default bounding boxes) of different sizes or proportions are set 

for each window position, which means that k candidate regions (region proposals) are 

predicted for each position. For the classification layer, its output size is 2k, which means 

that each candidate area contains the object or background probability value, while 

the regression layer outputs 4k coordinate values, which indicate the position of each 

candidate area (relative to each a priori box). For each sliding window position, these 

two fully connected layers are shared. Therefore, RPN can be implemented using 

convolutional layers: first, an n×n convolution to obtain low-dimensional features, and 

then two 1×1 convolutions, which are used for classification and regression respectively. 

 

Figure[3.2.1.1] CNN model (generally called a feature extractor) 

 

RPN uses two classifications, only distinguishing background and objects, but does 

not predict the category of the object, that is, class-agnostic. Since the coordinate 

values need to be predicted at the same time, during training, the a priori box must be 

matched with the ground-truth box. The principle is: (1) the a priori box with the highest 
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IoU of a certain ground-truth box; (2) and A ground-truth box with an IoU value greater 

than 0.7 a priori box, as long as one is satisfied, the a priori box can match a ground-truth, 

so that the a priori box is a positive sample (belonging to the object), and the ground-

truth For the return goal. For those a priori boxes whose IoU value with any ground-truth 

box is lower than 0.3, they are considered as negative samples. The RPN network can be 

trained separately, and the separately trained RPN model gives many region proposals. 

Due to the large number of a priori boxes, many of the candidate regions predicted by 

RPN overlap. We must first perform NMS (non-maximum suppression, IoU threshold is set 

to 0.7) to reduce the number of candidate regions, and then arrange them in 

descending order of confidence, select top -N region proposals are used to train the Fast 

R-CNN model. The role of RPN is to replace the role of Selective search, but it is faster, so 

Faster R-CNN can accelerate both training and prediction. 

 

Figure[3.2.1.2] RPN structure 
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Faster-RCNN follows the following training process: 

 

        Step 1: Use the pre-trained model on ImageNe to initialize the feature 

extraction network and train the RPN network; 

 

        Step 2: Use the model pre-trained on ImageNet to initialize the Fast-RCNN 

feature extraction network, and use the candidate box generated by the trained RPN 

network in step one as input to train a Fast-RCNN network. So far, each of the two 

networks The parameters of the first layer are not shared at all; 

 

        Step 3: Use the Fast-RCNN network parameters of step two to initialize a new 

RPN network, but set the learning rate of the feature extraction network parameters 

shared by RPN and Fast-RCNN to 0, even if the unique parameters of the RPN network 

are learned, it is fixed Feature extraction network. At this point, the two networks have 

shared all common convolutional layers; 

 

        Step 4: For those network layers that are still shared, add Fast-RCNN-specific 

network layers, continue training, and fine-tune Fast-RCNN-specific network layers. Up to 

this point, RPN and Fast-RCNN networks completely share parameters. Use Fast-RCNN to 

complete candidate frame extraction and target detection functions at the same time. 

 

2. Fpn[5] 

In the past faster rcnn for target detection, no matter it is rpn or fast rcnn, roi acts 

on the last layer. This is no problem for the detection of large targets, but there are some 

problems for detection of small targets. Because for small targets, when convolutional 

pooling is performed to the last layer, the semantic information is actually gone, because 

we all know that the method for mapping a roi to a feature map is to directly divide the 
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underlying coordinates by stride, Obviously, the later, the smaller the map will be, and it 

may even disappear. Therefore, in order to solve the problem of multi-scale detection, a 

feature pyramid network is introduced. 

 

Figure[3.2.1.3]  Multi-scale pyramid 

Figure[3.2.1.3] (a) is a fairly common multi-scale method called a feature image 

pyramid. This method was widely used in the earlier artificial design features (DPM), and 

it was also used in CNN. It is to multi-scale the input image by setting different zoom ratios. 

This can solve multiple scales, but it is equivalent to training multiple models (assuming a 

fixed input size is required). Even if the input size is not allowed, it also increases the 

memory space for storing images of different scales. 

Figure[3.2.1.3] (b) is CNN. Compared with artificially designed features, cnn can 

learn more advanced semantic features by itself. At the same time, CNN is robust to scale 

changes. Therefore, as shown in the figure, the features calculated from the input of a 

single scale can also be used to identify , But when encountering obvious multi-scale 

target detection, the pyramid structure is still needed to further improve the accuracy. 

Judging from some of the leading methods on the imageNet and COCO data 

sets, the feature image pyramid method is used in the test, that is, the combination of 

Figure[3.2.1.3] (a) and Figure[3.2.1.3] (b). Explains that the advantage of each level of 

the characterized image pyramid is that it produces a multi-scale feature representation, 
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and the features of each level have strong semantics (because all features generated 

by cnn), including the high-resolution level (The largest scale input image). 

However, this mode has obvious drawbacks. Compared with the original method, 

the time has increased by 4 times, and it is difficult to use in real-time applications. Similarly, 

it also increases the storage cost, which is why the image pyramid is only used in the 

testing phase. But if it is only used in the testing phase, then training and testing will be 

inconsistent in inference. Therefore, some recent methods have simply abandoned the 

image pyramid. 

Figure[3.2.1.3] (c), SSD tried to use CNN pyramid-shaped hierarchical features 

earlier. Ideally, the SSD-style pyramid reuses the multi-scale feature maps from multiple 

layers calculated by the forward process, so this form does not consume additional 

resources. However, in order to avoid the use of low-level features, SSD abandoned the 

shallow feature map, but started building pyramids from conv4_3, and added some new 

layers. Therefore, SSD has given up on reusing higher-resolution feature maps, but these 

feature maps are very important for detecting small targets. This is the difference 

between SSD and FPN. 

Figure[3.2.1.3] (4) is the structure of FPN. FPN is a pyramid form for natural use of 

CNN hierarchical features, while generating feature pyramids with strong semantic 

information at all scales. Therefore, the structure of FPN is designed with a top-down 

structure and a horizontal connection to integrate a shallow layer with high resolution 

and a deep layer with rich semantic information. In this way, it is possible to quickly build 

a feature pyramid with strong semantic information on all scales from a single input 

image at a single scale, without incurring significant costs. 

FPN is not a complete target detection network, but a feature pyramid network. 

The FPN mentioned is actually a feature pyramid extraction feature. Therefore, the idea 

of Faster RCNN plus FPN essentially changes the feature extraction part because there 

are more feature layers.  So ROIpooling has also increased. 
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Figure[3.2.1.4] faster_rcnn+fpn structure 

① The backbone network generates four-scale feature maps, and then 

sequentially passes through their respective Lateral_conv to make their channel numbers 

consistent. 

②The deep feature maps are down-sampled to adjacent layer scales step by 

step, and then the two are added and fused. 

③Output the feature map after fusion 

 

 

The low-level feature semantic information is relatively small, but the target 

location is accurate; the high-level feature semantic information is richer, but the target 

location is relatively rough. Fpn is independently predicted in different feature maps. 
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Figure[3.2.1.5] Independent prediction in different feature maps 

Chapter3.2.2 -  One stage 

1. SSD[6] 

SSD uses the idea of meshing, and unlike Faster RCNN, it integrates all operations 

into a convolutional network. In order to detect targets of different scales, SSD 

performs sliding window scanning on the feature images of different convolutional 

layers; small targets are detected in the feature images output by the previous 

convolutional layer, and large targets are detected in the feature images output 

by the subsequent convolutional layer. The goal. Its main features are: 

 

1.1. Detection based on multi-scale feature images: Prediction on multi-scale 

convolution feature maps to detect targets of different sizes, which improves the 

detection accuracy of small target objects to a certain extent. 

 

1.2. Drawing on the idea of Anchor boxes in Faster R-CNN, sampling candidate 

regions on feature maps of different scales, which improves the recall rate of 

detection and the detection effect of small targets to a certain extent. The 

following figure shows the principle of SSD: 
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Figure[3.2.2.1] Schematic of SSD 

2. VGG16[8] 

VGG was proposed in 2014 by the Visual Geometry Group, Department of 

Science and Engineering, Oxford University. The main work is to prove that 

increasing the depth of the network can affect the final performance of the 

network to a certain extent. VGG has two structures, namely VGG16 and VGG19. 

Except for the difference in network depth, there is no difference in essence 

between the two. Compared with AlexNet in 2012, a high advance of VGG is to 

use continuous 3x3 small convolution kernels to replace the larger ones in AlexNet 

(AlexNet uses 11x11, 7x7 and 5x5 convolution kernels). The superposition of two 3x3 

convolution kernels with a step length of 1, its receptive field is equivalent to a 5x5 

convolution kernel. However, the use of stacked small convolution kernels is due 

to the large convolution kernel, because the increase in the number of layers 
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increases the nonlinearity of the network, which allows the network to learn more 

complex models, and the small convolution kernel has fewer parameters. 

 

Figure[3.2.2.2] VGG16 model 

VGG16 contains: 

13 convolutional layers (Convolutional Layer), respectively represented by conv3-

XXX 

3 fully connected layers (Fully connected Layer), respectively represented by FC-

XXXX 

5 pooling layers (Pool layer), respectively represented by maxpool 

The outstanding feature of VGG16 is simplicity, which is reflected in: 

3. The convolutional layers all use the same convolution kernel parameters 

The convolutional layers are all expressed as conv3-XXX, where conv3 indicates 

that the kernel size of the convolutional layer used by the convolutional layer is 3, 

that is, the width and height are 3, and 3*3 is very Small convolution kernel size, 

combined with other parameters (stride=1, padding=same), so that each 

convolutional layer (tensor) can maintain the same width and width as the 
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previous layer (tensor) high. XXX represents the number of channels of the 

convolutional layer. 

3.  Pooling layers all use the same pooling core parameters 

The parameters of the pooling layer are all 2×2, stride=2, max pooling method, so 

that the width and height of each pooling layer (tensor) can be 12 of the previous 

layer (tensor) . 

3. The model is composed of a number of convolutional layers and pooling 

layers stacked (stack), which is easier to form a deeper network structure 

(in 2014, 16 layers were considered to be very deep). 

 

Based on the above analysis, the advantages of VGG can be summarized as: 

Small filters, Deeper networks 

 

Figure[3.2.2.3] VGG16 structure 

3. MobileNetV3[9] 

MobileNetV3 has two major innovations 

(1) Complementary search technology combination: resource-constrained NAS 

performs module-level search, and NetAdapt performs local search. 
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(2) Network structure improvement: The average pooling layer of the last step is 

moved forward and the last convolutional layer is removed, and the h-swish 

activation function is introduced. 

 

Figure[3.2.3.1] mobilenetV3 network block structure 

The above two pictures are the network block structure of MobileNetV2 and 

MobileNetV3. It can be seen that MobileNetV3 combines the ideas of the 

following three models: MobileNetV1's depthwise separable convolutions, 

MobileNetV2's inverted residual with linear bottleneck (the inverted residual with 

linear bottleneck) and MnasNet based Lightweight attention model of squeeze 

and excitation structure. 

 

- Complementary search technology portfolio 

(1) Resource-constrained NAS (platform-aware NAS): Search for various modules 

of the network under the premise of limited calculation and parameter amount, 

so it is called Block-wise Search. 

 

(2) NetAdapt: used to fine-tune the network layer after each module is 

determined. 
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For the exploration and optimization of model structure, web search is a powerful 

tool. The researchers first used the neural network search function to build a global 

network structure, and then used the NetAdapt algorithm to optimize the number 

of cores in each layer. For the global network structure search, the researchers 

used the same RNN-based controller and hierarchical search space as in 

Mnasnet, and optimized the precision-delay balance for a specific hardware 

platform. The target delay (~80ms) Search within the range. Then use the 

NetAdapt method to tune each layer in a sequential manner. While maintaining 

accuracy while optimizing model delay as much as possible, reduce the size of 

the bottleneck in the expansion layer and each layer. 

 

- Improvement of network structure 

 

                                Figure[3.2.3.2] Mobilenet network structure improvement 

In the MobileNetV2 model, the inverted residual structure and variables use 1*1 

convolution to construct the final layer, so as to expand to the high-dimensional feature 

space. Although it is very important to extract rich features for prediction, it introduces 

the calculation Overhead and delay. In order to reduce the delay while preserving high-

dimensional features, the layer before average pooling is removed and 1*1 convolution 

is used to calculate the feature map. After the feature generation layer is removed, the 

layer previously used for bottleneck mapping is no longer needed. This will reduce the 
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overhead of 10ms and reduce the number of operations by 30m while increasing the 

speed by 15%. 

 

The swish activation function can effectively improve the accuracy of the network. 

However, swish is too computationally expensive. The author proposes h-swish (hard 

version of swish) 

 

 

Figure[3.2.3.3] hwish formula and comparison 

This nonlinearity brings many advantages while maintaining accuracy. First, ReLU6 

can be implemented in many software and hardware frameworks, and secondly, 

it avoids the loss of numerical accuracy during quantization and runs fast. This non-

linear change increases the delay of the model by 15%. However, the network 

effect it brings has a positive boost to accuracy and delay, and the remaining 

overhead can be eliminated by fusing the nonlinearity with the previous layer. 

 

4. YOLOv4[7] 

YOLOv4 has made improvements in all parts of YOLOv3 to ensure the speed, while 

greatly improving the detection accuracy of the model and reducing the requirements 

for the use of hardware. From the figure below, you can see that YOLOv4 obtained 43.5% 

AP value (65.7% AP50) on the MS COCO data set. With the same performance as 
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EfficientDet, YOLOv4 is twice as fast as EfficientDet,compared with YOLOv3, YOLOv4’s AP 

and FPS are increased by 10% and 12%. 

 

Figure[3.2.4.1] yolov4 algorithm comparison 

- Network structure 

Backbone：CSPDarknet53 

Neck：SPP，PAN 

Head：YOLOv3 

YOLOv4 = CSPDarknet53+SPP+PAN+YOLOv3 
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Figure[3.2.4.2] yolov4 network architecture 

(1)CSPDarknet53 

The full name of CSPNet[10] is Cross Stage Partial Network, which was proposed 

by Chien-Yao Wang and others in 2019 to solve the problem of the previous network 

structure that required a lot of inference calculations. The author attributed the problem 

to repeated gradient information in network optimization. CSPNet has good test results 

on ImageNet dataset and MS COCO dataset. At the same time, it is easy to implement 

and can be used in ResNet, ResNeXt and DenseNet network structures. 

 

The main purpose of CSPNet is to be able to achieve a richer combination of 

gradients while reducing the amount of calculation. This goal is achieved by dividing the 

feature map of the basic layer into two parts, and then merging them through a cross-

stage hierarchical structure. 

 

In YOLOv4, the original Darknet53 structure was replaced with CSPDarknet53, 

which made two main changes on the original basis: 



26 

 

a)Combine the original Darknet53 with CSPNet. YOLOv3 is composed of a series 

of residual structures. After the combination, the main job of CSPnet is to split the stack of 

the original residual block, and split it into two parts: the main part continues to stack the 

original residual block, and the branch part is equivalent to a residual edge. After a small 

amount of processing, it is directly connected to the end.  

b)Use the MIsh activation function to replace the original Leaky ReLU. In YOLOv3, 

each convolutional layer includes a batch normalization layer and a Leaky ReLU. In the 

backbone network CSPDarknet53 of YOLOv4, Mish is used instead of the original Leaky 

ReLU. 

(2)SPP[11] 

The original design purpose of SPP is to make the convolutional neural network not 

restricted by the fixed input size. In YOLOv4, the author introduced SPP because it 

significantly increases the receptive field, isolates the most important context features, 

and hardly reduces the running speed of YOLOv4. As shown in the figure below, it is the 

classic spatial pyramid pooling layer in SPP. 

 

Figure[3.2.4.3] spp space pyramid pooling layer 

In YOLOv4, the specific method is to use the maximum pooling of four different scales to 

process the feature map output by the upper layer. The maximum pooling core size is 

13x13, 9x9, 5x5, 1x1, and 1x1 is equivalent to not processing. 
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(3)PANet[12] 

PANet as a whole can be seen as a number of improvements on Mask R-CNN, making 

full use of feature fusion, such as introducing Bottom-up path augmentation structure, 

making full use of network shallow features for segmentation; introducing Adaptive 

feature pooling to make the extracted ROI Features are more abundant; Fully-

conneFcted fusion is introduced, and a more accurate segmentation result is obtained 

by fusing the output of a front-background binary classification branch. 

 

Figure[3.2.4.4] PANet schematic 

(a)FPN backbone,(b)Bottom-up path augmentation,(c) Adaptive feature pooling,(d)Box 

branch,(e)Fully-connected fusion 

 

In YOLOv4, the author uses PANet instead of FPN in YOLOv3 as the method of parameter 

aggregation, and performs parameter aggregation from different backbone layers for 

different detector levels. And modified the original PANet method, using tensor 

connection (concat) instead of the original shortcut connection (shortcut connection). 

 

(4) YOLOv3 Head 

In YOLOv4, the Head that inherits YOLOv3 performs multi-scale prediction, which 

improves the detection performance of targets of different sizes.YOLOv4 learns the 
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YOLOv3 method, uses three different levels of feature maps for fusion, and inherits the 

Head of YOLOv3. 

 

(5)Tricks 

To obtain better accuracy without increasing the inference cost, but only change the 

training strategy or only increase the training cost method, the author calls it "Bag of 

freebies"; it only increases a small amount of inference cost but can significantly improve 

the accuracy of target detection Plug-in modules and post-processing methods, called 

"Bag of specials" 

- Bag of freebies 

Random zoom Flip, rotate Image disturbance, noise, occlusion Change brightness, 

contrast, saturation, random erase(Cutout MixUp CutMix) 

Common regularization methods are: DropOut DropConnect DropBlock 

The methods to balance positive and negative samples are: Focal loss OHEM (online 

hard-to-separate sample mining) 

In addition, there are improvements in return loss: GIOU DIOU CIOU 

- Bag of specials 

Increase the receptive field skills: SPP ASPP RFB 

Attention mechanism: Squeeze-and-Excitation (SE) Spatial Attention Module (SAM) 

Feature fusion integration: FPN SFAM ASFF BiFPN (from the famous EfficientDet) 

Better activation function: ReLU LReLU PReLU ReLU6 SELU Swish hard-Swish 

Post-processing non-maximum suppression algorithm: soft-NMS DIoU NMS 

 

(6)Ways to improve 

In addition to the various Tricks mentioned above, in order to make the target detector 

easier to train on a single GPU, the author also proposes 5 improved methods: 
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- Mosaic 

This is a new data enhancement method proposed by the author, which draws on the 

idea of CutMix data enhancement method. CutMix data enhancement method uses 

two pictures for stitching, but Mosaic uses four pictures for stitching. 

- SAT 

SAT is a self-adversarial training data enhancement method, which is a new adversarial 

training method. In the first stage, the neural network changes the original image without 

changing the network weights. In this way, the neural network conducts an adversarial 

attack on itself, changing the original image to create a deception that there is no 

desired object on the image. In the second stage, the normal method is used to train the 

neural network to detect the target. 

- CmBN 

The full name of CmBN is Cross mini-Batch Normalization, which is defined as Cross Mini-

Batch Normalization (CmBN). CmBN is an improved version of CBN, which is used to 

collect statistical data in multiple mini-batches in a batch. 

- SAM 

The author modified the original SAM (Spatial Attention Module) method, changing SAM 

from spatial attention to point attention. As shown in the figure below, for the 

conventional SAM, the maximum pooling layer and the average pooling layer act on 

the input feature maps respectively to obtain two sets of feature maps with the same 

shape, and then input the results into a convolutional layer, followed by Sigmoid function 

to create spatial attention. 

 

-  PAN 

The author modified the original PAN (Path Aggregation Network) method, using tensor 

connection (concat) instead of the original shortcut connection (shortcut connection) 

 



30 

 

 

Chapter4 -  Data Set 

Chapter4.1 -  Tshingua-Daimler[13] 

Tsinghua-Daimler Cyclist Detection contains 9741 images with annotations only for 

"cyclist". Only cyclists which are fully visible (occlusion<10%) and higher than 60 pixels 

have been labeled here. 

 

Chapter4.2 -  INRIA Person Dataset[14] 

This dataset has cropped the image of pedestrians so that the person can be 

more prominent, and the posture is not particularly strange. Only a few pictures are 

obtained from Google. 

 

Chapter4.3 -  Created data set 

I did not select pedestrians from Tsinghua's data set, because the size of 

pedestrian images in Tsinghua's data set is 64x64, which is too small for experiments, so I 

did not choose. For the KITTI data set, when I got their data set, I found that it was all cars, 

so I judged that it did not meet my topic. 

 

Finally. 

Cyclist data set adopts Tsinghua-Daimler Cyclist Detection part of the data set ,1507 

image resolution 2048*1024. 

The Person data set uses the 614 training set and 288 test set of the INRIAPerson pedestrian 

data set. 

A total of 2088 sheets of all data sets are divided into training set (1671) and test set (417) 

at a ratio of 8:2. 



31 

 

 

All the pictures used need to use the .jpg format. The created data set uses codes to 

distinguish the training set and the validation set, and then uses the code to convert the 

VOC format.  

 

They are  

1.Annotations (.xml, each picture corresponds to a file, which stores the name of the 

picture, the long section, the upper left and lower right coordinates of the target frame, 

the category name of the target frame)  

2.ImagesSet(.txt, save The name of the image that needs to be trained)  

3.JPEGImage (the original image) 

 

Chapter5 -  Hardware 

The hardware I used to complete this project. Knowing this is necessary, because 

different hardware will affect the training process, especially the training time, or 

efficiency. 

Chapter5.1 -  Intel(R) Core(TM) i7-9700F CPU 

l Cores:         8 

l Threads:         8  

l Processor Base Frequency:      3.00GHz 

l Max Turbo Frequency:       4.7GHz 

l TDP:         65W 
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Chapter5.2 -  GEFORCE RTX 2080 Ti 

l NVIDIA CUDA ® Cores:       4352 

l Boost Clock (MHz):       1545 

l Base Clock (MHz):       1350 

l Standard Memory Config:       11 GB GDDR6 

l Graphics Card Power (W):      250W 

 

Chapter5.3 -  Jetson Nano 2GB Developer Kit[28]  

l CPU          Quad-core ARM® A57 @ 1.43 GHz 

l GPU       128-core NVIDIA Maxwell™ 

l MEMORY               2 GB 64-bit LPDDR4 25.6 GB/s 

 

Since its release in 2019, NVIDIA Jetson Nano has created a frenzy in the field of AIOT 

edge computing applications worldwide, He was also named "Best AI Processor" in the 

2020 Best Visual Products award list by Edge AI and Vision Alliance. This is mainly because 

the NVIDIA Jetson Nano chip fully meets the six challenges of AIOT chip: high 

performance, small size, low power consumption, full interface, ecological integrity, and 

excellent cost. 

The reason for using this edge device was to test various models on a low-power machine. 

For comparison, test the FPS on a low-performance machine. 
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Chapter6 -  Target detection evaluation  

The classification task will be judged by the precision/recall curve. The principal 

quantitative measure used will be the average precision (AP).[15] There are some 

important things to know about calculating AP.[16] 

 

Chapter6.1 -  Intersection Over Union (IOU) 

 

                                                      Figure[6.1.1] IOU formula 

To put it simply, we require that the IOU of the two boxes is divided by the 

overlapping part of the two boxes by the union of the two boxes. It is clear from the 

second formula above. Pay attention to the two boxes when calculating. The area of 

the union is equal to the sum of the areas of the two minus the area of the intersection of 

the two. 

 

Chapter6.2 -  True Positive, False Positive, False Negative and True 

Negative 

True Positive (TP): A correct positioning result is that the IOU between your 

predicted box and our groundtruth can be greater than our specified threshold, we 

generally take this threshold to be 0.5 
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False Positive (FP): It is a wrong result, that is, the IOU of the box and groundtruth 

you predicted is less than the threshold 

 

False Negative (FN): We originally had an object here, so there should be a box in 

our place, but you did not predict it, then this groundtruth is a FN for your model 

 

True Negative (TN): This is that our groundtruth has found a prediction box whose 

IOU is greater than the threshold, then the ground is considered to be successfully 

detected 

 

Chapter6.3 -  Precision 

Precision is the ability of a model to identify only the relevant objects. It is the 

percentage of correct positive predictions and is given by: 

 

 

Chapter6.4 -  Recall 

Recall is the ability of a model to find all the relevant cases (all ground truth 

bounding boxes). It is the percentage of true positive detected among all relevant 

ground truths and is given by: 

 

 



35 

 

Chapter6.5 -  AP calculation 

(1) Before VOC2010, you only need to select the maximum Precision when 

Recall >= 0, 0.1, 0.2, ..., 1 total 11 points, and then AP is the average of these 11 Precision. 

 

                                                    Figure[6.5.1] AP calculation 

Calculating the total area, we have the AP. 

 

(2) In VOC2010 and later, for each different Recall value (including 0 and 1), select 

the maximum Precision when it is greater than or equal to these Recall values, and then 

calculate the area under the PR curve as the AP value. Finally the average AP value of 

all classes is mAP. 

 

Chapter7 -  Frameworks 

Chapter7.1 -  Cuda 

CUDA (an acronym for Compute Unified Device Architecture) is a parallel computing 

platform and application programming interface (API) model created by Nvidia.[17]It 

allows software developers and software engineers to use a CUDA-enabled graphics 
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processing unit (GPU) for general purpose processing – an approach termed GPGPU 

(general-purpose computing on graphics processing units).    

     

      Figure[7.1.1] Nividia cuda icon 

The CUDA platform is a software layer that gives direct access to the GPU's virtual 

instruction set and parallel computational elements, for the execution of compute 

kernels.[18] 

In my project, the version I use is 10.2.89 

 

Chapter7.2 -  Pytorch 

PyTorch is an open source machine learning library based on the Torch 

library,[19][20][21] used for applications such as computer vision and natural language 

processing,[6] primarily developed by Facebook's AI Research lab (FAIR).[22][23][24] It is 

free and open-source software released under the Modified BSD license. Although the 

Python interface is more polished and the primary focus of development, PyTorch also 

has a C++ interface.[25] 

 

Figure[7.2.1] PyTorch icon 

In the framework of deep learning, the public now has two choices, generally TensorFlow 

and pytorch. TensorFlow is a static neural network, and pytorch is a dynamic neural 
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network, which means that I can change the structure of the network and adjust its own 

structure and parameters with zero delay. And the design idea of pytorch is linear, 

intuitive and easy to use (python first). For my project, GPU can also be supported, which 

is the best choice in my opinion. 

In my project, the version I use is 1.8.1 

 

Chapter7.3 -  MMCV 

MMCV is a foundational library for computer vision research.[26] 

 

Figure[7.3.1] Nividia cuda icon 

I installed mmcv-full, which has all the functions of mmcv, specifically for gpu 

 

Chapter8 -  Results of the experiment 

For the experimental results, I will use the aforementioned mAP to record the mAP 

image drawn in each epoch. For the setting of each parameter:  

Divide the complete data set into 12 (epoch=12) 

The number of samples selected for one training is equal to 8 (batch size=8) 

The initial learning rate is set to 1e-3 (LR=1e-3) 

[80000,100000] each down 10 times. Means Iterate 80,000 times, become 0.0001, 

100,000 times and then drop ten times 

After updating the network in each batch, I will also record the change in loss 
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Chapter8.1 -  Results of VGG16  

epoch mAp cyclist person 

1 0.769 0.75 0.79 

2 0.810 0.82 0.80 

3 0.798 0.90 0.80 

4 0.802 0.81 0.80 

5 0.798 0.83 0.77 

6 0.806 0.82 0.79 

7 0.803 0.82 0.79 

8 0.803 0.83 0.77 

9 0.811 0.86 0.77 

10 0.809 0.85 0.77 

11 0.810 0.85 0.77 

12 0.810 0.85 0.77 

Table[8.1.1] SSD-VGG16 

In order to easily view the effect, I will directly display it together with a line chart. 

The rest of the tables can be viewed in the appendix. 
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    Figure[8.1.2] mAP line chart of SSD-VGG16 

Although it can be found that bicycles are more recognizable than people, don't 

forget that for our data set, the number of bicycles is far greater than people. And the 

final confidence is greater than 75%, and the mAP has converged from the image, which 

means that 75% of the objects can be basically recognized. 

We can see that the back half of the blue pedestrian line is actually falling. In this 

case, it is called "overfitting". The reason for this result is that people have fewer data sets. 

To improve this situation, we can use the method of increasing the amount of data. Such 

as data enhancement (random cropping, color jitter, grayscale...) Collect more data for 

scenarios. We can also stop training early. Or use as high a learning rate as possible, such 

as 0.1. 

 

Similarly, record the change in loss after each batch. 
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Figure[8.1.3] loss line chart of SSD-VGG16 

From the change of loss, it can be seen that our initial learning rate design is 

reasonable, and at the end of learning, it can basically meet the convergence. 

 

Chapter8.2 -  Results of SSD MobileNet 

 

Figure[8.2.1] mAP line chart of SSD-MobileNet 
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Figure[8.2.2] loss line chart of SSD-MobileNet 

From the experimental results, it seems that MobileNet is not as good as Vgg16. I 

will explain in detail in the subsequent comparison of the results. 

Chapter8.3 -  Results of YOLOv4 

 

Figure[8.3.1] mAP line chart of YOLOv4 
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Figure[8.3.2] loss line chart of YOLOv4 

The same is a single-layer target detection, yolov4's performance is significantly 

better than before. 

Chapter8.4 -  Result of FASTER RCNN+FPN 
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Figure[8.4.1] mAP line chart of FASTER RCNN+FPN 

 

Figure[8.4.2] loss line chart of FASTER RCNN+FPN 

I am very satisfied with the performance of faster rcnn+fpn, because the same 

data set has a very big difference through the algorithm. Below I will compare all the 

above results together.  

 

Chapter9 -  Comparison of experimental results 

Chapter9.1 -  Comparison of results of high-performance machines 

Model Input Size FPS mAP Cyclist  Person  

VGG16 512*512 47.3 0.81 0.85 0.77 

MobileNetv3 320*320 43.1 0.67 0.54 0.80 

YOLOv4 608*608 19.6 0.78 0.75 0.81 

FASTER 

RCNN+FPN 

1333*800 12 0.9 0.899 0.902 

Table[9.1] Comparison of algorithm results-high 
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The table shows us the various data of each algorithm in the high-performance 

computer. 

 

From the experimental results, we can see that FASTER RCNN+FPN performs best in 

terms of detection accuracy, but the shortcomings are also very obvious. The fps only 

reached 12. This is due to its two-stage network. It has a region proposal network RPN, this 

part uses CNN, and the region proposal network and classification network share 

convolutional features. And there is FPN, independent prediction of different feature 

layers. These can effectively target detection, but the speed is slower. We can easily find 

this from the table. 

 

The above SSD-MobileNet input resolution is relatively small, and the recognition 

effect of the person class with the original image size of about 800 is better. The input 

resolution of SSD-VGG16 is relatively large, and it can better recognize the cyclist class 

with the original image size of 2048*1024. 

 

The reason why mobileNet's mAP is too low is because of overfitting in the person 

part. It is because the data set of the person part is too small. The way to solve this 

problem and get the performance it should be is to increase the amount of data, as I 

explained in the results section. 

 

YOLOv4 is already very good as a non-lightweight performance. It shows a very 

average value, and there are some aspects that must be explained. Compared with its 

previous version, it has added many improvements, such as adding feature pyramids 

(SPP, PAN) to the last convolutional layer, and modifying the activation function to Mish, 

learning rate annealing algorithm. From the structural point of view, YOLOv4 also has an 

FPN structure. Compared with FASTER RCNN+FPN, YOLOv4 has a higher fps performance. 

Although mAP did not reach the two stage, I got a better result in the one stage. 
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Chapter9.2 -  Comparison of results of low-performance machines 

Model FPS 

VGG16 0.98 

MobileNetv3 7.61 

YOLOv4 -- 

FASTER RCNN+FPN -- 

Table[9.2] Comparison of algorithm results-low 

On low-performance computers, I focus on the performance of fps. Because the 

machine I used is the jetson nano 2gb version of NVIDIA. It means that in the case of 

supporting a series of environments, the theoretical video memory of the machine is only 

2gb. In actual use, the video memory is only about 1.3gb. This has actually reached a 

limit value. From the table, we can see that in the case of very low video memory, only 

lightweight algorithms can actually run normally and perform target recognition. The 

normal version of YOLOv4 cannot run on a machine with only 2gb of video memory. The 

two-stage FASTER RCNN+FPN is even more impossible. 

 

Therefore, for a low-performance machine, it is very important to choose a correct 

algorithm. From the table, as a simple convolutional neural model, VGG16 can operate 

correctly and recognize targets normally. But I think its fps is not good enough. As a 

lightweight neural network, MobileNet can run normally and has a fps of about 7 I think it 

is understandable. There may be doubts that this fps is not very high, why is it still a 

lightweight neural network? This is because we are using the Large version, which has 3 
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bottleneck layers and a point-wise convolutional layer more than the Low version. Its 

Depthwise Separable Convolution is very suitable for low-performance versions. 

 

 

Chapter10 -  Conclusions and future work 

Chapter10.1 -  Conclusions 

For these four algorithms and the selected data set, from the results, if the machine 

performance is not considered, then FASTER RCNN+FPN is undoubtedly the best auxiliary 

system. Because it has higher accuracy. It is undeniable that two stage is better than one 

stage in terms of accuracy. But the shortcomings are also very obvious. The training time 

of the two stage is much longer than that of the one stage. And in actual use, the fps of 

the two stage application on high-performance machines is not high enough, and it 

cannot run smoothly on low-performance machines. 

The speed of yolov4 is much faster than faster-rcnn on high-performance 

machines. And because the feature extraction layer of yolov4 uses a feature pyramid 

structure, it can also get very good accuracy. 

SSD-VGG16 uses feature maps of different scales for detection. This may also be 

the reason why in this data set, for small targets such as people and bicycles, and there 

may be obstructions on the road, it has a higher accuracy rate than the YOLO algorithm. 

For this time, MobileNetv3, which performed best in low-performance machines. I 

think the lightweight neural network can be used as a solution in solving business problems, 

or in vehicle safety systems. Because the speed of the car is fast and the neural network 

needs to be fast, then a lightweight neural network is a very good choice. Video memory, 

memory, and cpu will be relatively small. Of course, this is just a structural point of view of 

these four algorithms. 
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I think the choice of the training data set is very important. From the final result, the 

choice of the picture size is actually very important, because there are actually 

restrictions on the pictures on the Internet or the pictures taken by yourself. Today's 

camera equipment is getting better and better, for example, the pixels of mobile phones 

are getting better and better. The requirements for the training set are also very high. 

Maybe a certain target detection algorithm is excellent, but due to the inappropriate 

choice of the data set, the final result is bad. So in the end, because of the different 

models of different models and the different camera options in the actual use, the final 

results will appear to be different.  

 

I finally used all the algorithms to make actual detections for assisted driving. Using 

the video of learning to drive in a driving school, a novice may not notice pedestrians 

and bicycles on the road. 4 algorithms are used for the screenshots of the video in the 

appendix. I am satisfied with the training results and can achieve target detection for 

most of the scenes. 

 

 

Chapter10.2 -  Future Work 

For future work, from the target detection framework. From the Faster R-CNN 

related series focusing on accuracy to the YOLO series focusing on speed, the future 

target detection research direction will focus more on the balance of accuracy and 

speed. Therefore, many network structures are generated on the SSD framework. I think 

that if target detection is to be used as an in-vehicle safety system, various lightweight 

neural networks are the most preferred in recent years. There are reports that YOLOv4-

tiny performs very well, we can also try it in low-performance machine. The new YOLOv5 

has appeared, we can try to use it in high-performance machine. 
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I have seen some research papers that show that the rotation invariance of 

convolutional neural networks is obtained through data enhancement and large sample 

learning, and it does not have this feature itself. Maybe continue to study this will change 

the basic framework of the target detection algorithm. 

 

The use of 3D lidar will be more refined than the image detection. Better sensors 

will make target detection more refined, and now more autonomous driving applications 

on the market are 3D lidar. 

 

Of course, some conventional ideas are to improve the loss function, activation 

function, and feature fusion, which can also be considered. 
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Appendix 

                                    Table[1] SSD-MobileNet mAP 

 

Epoch mAP Cyclist person 

1 0.612 0.425 0.798 

2 0.649 0.491 0.807 

3 0.658 0.504 0.811 

4 0.669 0.540 0.799 

5 0.657 0.499 0.814 

6 0.652 0.498 0.805 

7 0.663 0.519 0.808 

8 0.648 0.494 0.802 

9 0.668 0.534 0.803 

10 0.665 0.533 0.797 

11 0.670 0.541 0.798 

12 0.667 0.537 0.797 
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Figure[1]    YOLOv4’s mAPs 

  

    Figure[2]  Faster Rcnn+fpn actual detection     


