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 I 

Abstract 

Intelligent Transportation System (ITS), including unmanned driving, has gradually 

matured and is about to enter the practical phase. How to eliminate the interference 

of various environmental factors, carry out accurate and efficient traffic sign detection 

and recognition, which is a key technical problem that must be solved. In addition, 

drivers neglect the information of the traffic instructions while driving is the main 

reason of many traffic accidents. Therefore, how to use computer visualization to 

efficiently identify traffic signs in road environment is a research topic having positive 

significance. However, traditional visual object recognition mainly relies on the 

information extracted, e.g., color, and edge, which has limitations. The convolution 

neural network (CNN) is designed for  visual object recognition based on deep 

learning, which has well solved the shortcomings exisiting in traditional object 

recognition. 

In this project, we implement an experiment to evaluate the performance of the 

latest version YOLOv5 based on the dataset for traffic sign recognition in New 

Zealand, which determines how the model for visual object recognition based on deep 

learning is much suitable for the traffic sign recognition through a comprehensive 

comparison with SSD neural network. The experiments in this project utilities our 

own dataset. Pertaining to the experimental results, YOLOv5 achieves 97.7% in terms 

of mAP@0.5 for overall classes, SSD obtains 90.14% in the same term. Meanwhile, 

with regard to recognition speed, YOLOv5 also outperforms SSD. 
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Chapter 1 

Introduction 

 

 

This chapter comprises five sections. In the first section, 

it mainly introduces the background and motivation of this 

project. Then, we raise two research questions in the second 

section. In the following two sections, we describe 

contributions and objectives, respectively. The structure of 

this thesis is briefly listed at the end of this chapter. 
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1.1 Background and Motivation 

In recent years, with the breakthroughs in the field of Artificial Intelligence (AI), the 

introduction of vehicle aided driving system has changed the previous driving mode. 

By acquiring real-time road condition information, the system promptly reminds the 

driver to make accurate operations, thereby preventing car accidents due to fatigued 

driving. In addition to the auxiliary driving systems, the development of autonomous 

vehicles also requires rapid and accurate detection of traffic signs from digital images. 

Traffic signs are most important traffic information for drivers, how to identify 

the traffic signs quickly and accurately is very important and necessary. Traffic Sign 

Recognition (TSR) is to detect the location of traffic signs from digital images or video 

frames, gives a specific classification. First of all, the candidate area of traffic signs 

should be obtained from the original images, and then extract the features of the 

candidate area. Finally, classify and locate the extracted features to determine the 

traffic sign class and the location of the traffic signs. 

The traditional traffic sign detection and recognition method basically take use of 

characteristic information such as the shape and color of traffic signs. However, the 

traditional TSR algorithms face some drawbacks in real-time testing, such as being 

easily restricted by factors, which are light, angle, obstruction, driving speed and so 

on. It’s also very difficult to achieve multitarget detection, easy to miss detection, and 

slow recognition. 

In the past few years, with continuous improvement of computer hardware 

performance, the limitation of neural networks by computing power conditions has 

been well alleviated, which has brought machine learning into a golden period of 

development. Deep learning is a type of machine learning methods proposed by 

Hinton and Salakhutdinov (2006). Deep learning means a deep neural network model 

by simulating the neural structure used by our human brain while processing 

information. Using this neural network model to extract the effective features in the 
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original road image is able to make up for the dependence on manual feature 

extraction in traditional TSR algorithms, obtain deeper abstract features, and improve 

the robustness and generalization of the algorithm (Wu, Qin, Pan, & Yuan, 2018). 

How to apply deep learning models to the field, develop a real-time and accurate sign 

detection algorithm for automatic diving is the initiative of many researchers. 

This TSR project can not only avoid traffic accidents and protect drivers, but also 

maintains many traffic signs on modern roads efficiently and accurately, which can 

reduce unnecessary manpower and material resources. In addition, it also provides 

technical support for the unmanned and auxiliary driving. Therefore, the research 

work based on deep learning has far-reaching significance and critical value. 

1.2 Research Questions 

Traffic sign detection and recognition are important parts of unmanned driving and 

auxiliary driving, as well as essential elements of achieving safe driving. The TSR 

algorithms based on deep learning are mainly grouped into two categories. One is 

based on the region proposal algorithm, also known as the two-stage method. The 

main representative models are R-CNN (Regions with CNN features), Fast R-CNN 

(Fast Regions with CNN features) and Faster R-CNN (Faster Regions with CNN 

features). The other is based on the regression function, an end-to-end detection 

model, also known as the one-stage method. You Only Look Once (YOLO) and Single 

Shot MultiBox Detector (SSD) belong to the one-stage category. 

At present, most of the research work in TSR based on deep learning algorithms 

is to compare one from region-proposal-based and another one from the regression-

based. Still, there are few comparisons between the two algorithms, both from the 

regression-based. Therefore, the research questions in this report are listed as follows. 

(a) How is the performance of YOLOv5 based on the dataset of New Zealand traffic 

signs? (b) For YOLOv5 and SSD neural network, which algorithm has a better 

performance for NZ-TSR? 



4 
 

Therefore, this report mainly studies object detection and recognition based on 

the dataset of New Zealand traffic signs by comparing YOLOv5 and SSD, analyses and 

evaluates these two models’ performance. 

1.3 Contributions 

This report mainly investigate how to achieve an accurate and real-time TSR model 

based on deep learning. Our contributions come from four aspects. Firstly, we collect 

and pre-process sample images to compile a new and utility dataset for New Zealand 

traffic signs, which contains 2,182 samples in eight classes. Secondly, for the latest 

version, YOLOv5, we implement the experiment and evaluate TSR performance 

based on our own dataset. The key metrics and parameters we captured could provide 

a few essential references and help for subsequent research and explorations. 

Thirdly, we conduct a detailed comparison of recognition performance between 

YOLOv5 and SSD. We also analyze and justify the advantages and disadvantages of 

these two models. Finally, in our experiment, we accomplish the largest network, 

namely YOLOv5x, training with our dataset. Hence, the well-trained model is used 

to recognize the NZ-TSR in digital images or videos. 

1.4 Objectives of This Report 

In general, the project needs to collect and generate a customized dataset representing 

the New Zealand traffic signs, and aims to figure out a suitable recognition model 

based on deep learning. More specifically, the objectives of this project are subdivided 

into three goals. 

The first one is to investigate how the latest YOLO series algorithm performs on 

the NZ-TSR. Through implementing a proper experiment on Google Colab, we are 

required to capture various performance and obtain a well-trained model. The next is 

to compare and analyze two algorithms (YOLOv5 and SSD) to determine which one 

is suitable for NZ-TSR. Thereby, it could work out the answers for two research 
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questions we raised. Finally, this report will clarify and summarize experimental 

results so as to provide references for other research projects and discover the 

direction of our future work. 

1.5 Structure of This Report 

The structure of this report is described as follows: 

§ In Chapter 2, we will conduct a comprehensive literature review to introduce 

related work on TSR which also includes research discussion about various 

functional layers in CNN, a few classic CNN networks, YOLO and SSD 

algorithms. 

§ In Chapter 3, we will expound on details of the methodology adopted in this 

report from three aspects, the principle of experimental models, preparation 

and implementation of the experiment, and evaluation metrics. 

§ In Chapter 4, we will intensively demonstrate our experimental results, and 

provide the corresponding illustration as well. 

§ In Chapter 5, we will proceed with a comparison of TSR performance 

obtained by using YOLOv5 and SSD algorithms, followed by relevant analysis 

and discussion. Meanwhile, we will point out the limitations of this project. 

§ In Chapter 6, we will review the entire project, summarize our outcomes, and 

clarify the future work. 
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Chapter 2 
Literature Review 

 

 

With a comprehensive literature review, in this chapter, we 

illustrate two main categories of methods in traffic sign 

recognition. The follow is to elaborate on four essential layers of 

CNN in theory: the convolutional layer, the pooling layer, the 

fully connected layer, and activation functions. Next, AlexNet, 

VGGNet and ResNet are expounded in detail as typical CNN 

networks. The recent findings of YOLO and SSD are summarized 

concisely. 
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2.1 Introduction 

In general, object detection is to label the presence of an interested object in the image, 

and its location (Shao et al., 2019). This is a simple problem of visual saliency attention 

mechanism for humans. However, in the field of computer vision, the way computers 

store images is pure data without abstract information. There is a lack of shallow 

image information such as texture, shape and color, and also high-level semantic 

information, which like positional relationships (Zhou, Zhan, & Fu, 2021). At present, 

there are mainly two strategies for object detection research. One is to give computers 

some of the object features in advance, combine with human’s subjective setting, and 

classify the features designed by human on the image through machine learning 

method, so as to obtain the position and size of the object. The other is the deep 

learning method, in which computers extract the feature maps of visual object 

through a large amount of annotated data, and finally determine the location and 

quantity of the object through semantic information (Sun, Hongji, Nie, & He, 2019). 

2.2 Traffic Sign Recognition (TSR) 

TSR has always been a redhot topic in recent years. On the aspect of the purpose, 

traffic sign detection is to classify traffic signs and non-traffic sign areas in complex 

scene images, TSR is to extract the specific meaning represented by the traffic sign 

pattern (Sun et al., 2019). The existing TSR methods are basically grouped into two 

categories: One is based on traditional methods, the other is based on deep learning. 

2.2.1 Based on Traditional Methods 

TSR basically is grouped into the methods based on color and shape of traditional 

machine learning methods. The main steps of TSR methods based on the color and 

shape of the image are to extract the color and shape information contained in the 

candidate areas, capture and segment the traffic signs in the image, and then correctly 

classify them (Wang, 2018). Although TSR requires color and shape information 
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which is employed to improve the recognition accuracy. The problems of the color 

changes due to the illumination changes or fadin, as well as the deformation and the 

occlusion of traffic signs, are still unresolved yet. Therefore, this kind of TSR methods 

have limitations. 

Traditional machine learning methods usually select specified visual features 

firstly, and use the appropriate features to distinguish the categories of traffic signs by 

using the corresponding classifiers. The specific features include Haar-like features, 

HOG features, SIFT features and so on (Ellahyani, Ansari, Lahmyed, & Trémeau). The 

neural networks, Bayesian classifier, random forest and Support Vector Machine 

(SVM) are employed as classifiers. As a result, the SVM is the most popular method 

for TSR. 

 Houben (2011) were the first one to use this method to extract HOG features of 

the interested region in images, and then sent the extracted HOG features into the 

pre-trained SVM classifier and obtain the recognition results. However, the 

performance of traditional machine learning methods depends on the selection of the 

specified features. Furthermore, for different classifiers, corresponding feature 

description information is required. Hence, traditional machine learning methods 

have limitations, and their real-time performance is relatively low. 

2.2.2 Deep Learning Methods 

Traditional TSR methods require specified pre-extracted features, which result in key 

feature missing, and also need high illumination and quality of digital images. Deep 

learning utilizes a multilayer neural network to automatically extract and learn the 

features of visual objects, which has good applicability for image tasks (Jing Zhang, 

Hui, Lu, & Zhu, 2018). Convolutional Neural Network (CNN) models are one of the 

most popular deep learning approaches. As opposed to traditional machine learning 

methods, deep learning methods automatically generate feature maps through 

convolutional and pooling operations based on a large number of image datasets, 

which doesn’t need the specified features, so that it is able to achieve high recognition 
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accuracy. 

TSR algorithms based on region proposals, also known as two-stage detection 

algorithm, the core idea is the selective search (Jin et al., 2020). Its advantages are good 

detection and positioning effects, but the cost is a large amount of computation, 

timing-consuming, and high-standard hardware equipment. The representative 

modes include R-CNN, Fast R-CNN and Faster R-CNN. Meanwhile, traffic sign 

recognition algorithm based on regression, also known as single-stage detection 

algorithm, the idea is regression method (Bangquan & Xiong, 2019). This kind of TSR 

algorithms completely eliminate the idea of Region Proposal Network (RPN), and 

directly performs regression and classification in a network. This greatly reduces the 

repetitive calculations in the detection process, so the detection speed has been 

significantly improved compared to the previous algorithms. 

2.3 Neural Network Overview 

Artificial neural network (ANN) was from the inspiration of the nervous system of 

creatures in nature. ANN plays an excellent role in object classification, speech 

recognition, artificial intelligence and other fields. Generally speaking, input layer, 

hidden layer and output layer constitute a complete neural network architecture 

(Yanhua, Shengyan, & Yan, 2011). Each layer is composed of multiple neurons, the 

neurons of the two adjacent layers are connected in the way of full connection. The 

ANN architecture is present in Figure 2.1. 
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Figure 2.1 The ANN architecture 

ANN was modelled based on the complex relationship between its input and 

output, which is a kind of operations (Zoumpourlis, Doumanoglou, Vretos, & Daras, 

2017). The internal relationship of ANN is quite complicated. The mathematical 

model of its single neuron is shown in Figure 2.2. 

 

Figure 2.2 The mathematical model of the single neuron 

The mathematical description is shown in Eq.(2.1), 

 
𝒚	 = 	𝝋%&𝒙𝒊𝒘𝒊

𝒏

𝒊#𝟏

	+ 𝒃+ (2.1) 
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Firstly, the neuron multiplies the input signal with its corresponding weight and 

sum them up, adds a bias to the result of the summation, finally output the result 

passing through the activation function. 

2.4 Convolutional Neural Network (CNN) 

CNN mainly operates on two-dimensional images, and spontaneously extract features 

from the data by constructing multiple hidden layers. Therefore, CNN is made of the 

input layer and the output layer as well as multiple hidden layers. In the early 

convolutional neural network model, the hidden layers mainly contain convolutional 

layer, pooling layer, fully connected layer, activation function and other functional 

modules. Then, batch normalization is added to the basic structure (Zhao & Zheng, 

2020). Figure 2.3 displays the basic structure of the CNN net. 

 

Figure 2.3 Basic structure of convolutional neural network 

• Input Layer: Usually, the raw data or preprocessed data is entered into CNN. 

For image recognition, the input includes the two-dimensional pixel points 

and RGB channels of the picture. 

• Hidden Layer: It makes up of multiple functional layers, convolutional layers 

and pooling layers extract visual features of the inputs. Then, the loss function 

calculates the loss error between the predicted result and the actual truth, and 

return the error through the feedforward mechanism. After several rounds of 

iterations, the error is reduced to the acceptable level so that the model is well 

fitted. 
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• Output Layer: It usually outputs the center coordinates, the length and width 

of the corresponding bounding box, and the classification information of the 

detected object. 

2.4.1 Convolutional Layer 

The convolutional layer is the most critical layer in CNN, the object feature map is 

obtained by traversing the input image through the convolution kernel. A 

convolution layer contains four components: Convolution kernel, receptive field, 

zero-padding and step size. Therefore, in the convolutional layer, the convolution 

kernel is used to perform a sliding window operation based on the input image to form 

a feature map. Corresponding multiple convolution kernels will generate multiple 

feature maps, and eventually they form a feature map together (Jianming Zhang, 

Huang, Wu, & Liu, 2017). The convolution calculation is shown as eq.(2.2). 

 
𝒂𝒊,𝒋 	= 𝒇%& &𝒘𝒎.𝒏𝒙𝒊)𝒎,𝒋)𝒏 	+ 	𝒘𝒃

𝟐

𝒏#𝟎

𝟐

𝒎#𝟎

+ (2.2) 

In Eq.(2.2), xi,j expresses the component in the row i and the column j of the image. 

Each weight of the filter is numbered, then wm,n represents the weight of the m-th 

row and the n-th column, and wb stands for the bias parameter of the filter. Each 

component of the feature maps is also numbered as well, so ai,j is employed to indicate 

the corresponding element in the i-th row and j-th column of the feature map, f is the 

chosen activation function. 
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Figure 2.4 The convolution operation 

In Figure 2.4, we take use of a two-dimensional convolution kernel in the 3×3 

pixel size and perform a convolution operation on a rectangle image with a side length 

of 6. 

𝒂𝟎,𝟎 = 𝒇%& &𝒘𝒎,𝒏𝒙𝒎)𝟎,𝒏)𝟎 	+ 	𝒘𝒃

𝟐

𝒏#𝟎

𝟐

𝒎#𝟎

+ 

    = relu(w0,0x0,0 +w0,1x0,1 +w0,20x0,2 +w1,0x1,0 +w1,1x1,1 +w1,2x1,2 +w2,0x2,0 +w2,1x2,1 +w2,2x2,2 +wb) 

                                                           (2.3) 

     

The features obtained after one convolution operation is low-level features. After 

the low-level features are subjected to multiple convolution operations, intermediate-

level features are obtained. Then intermediate-level features are convolved for many 

times to get high-level features. In general, we are using high-level features for the 

object classification and prediction. A single convolutional layer often is used to learn 

only the local features of the input image, but for the purpose of extracting more 

global features, more convolutional layers need to be added (Shustanov & Yakimov, 

2017). In TSR, the first work is to identify which class the traffic sign belongs to, so it 

is essential to extract visual features to improve the classification accuracy. 

2.4.2 Pooling Operations 

The pooling operations are within a hidden layer added between successive 

convolutional layers, and is also called a downsampling operations. The layer is 

endowed with two main functions. One is to make the feature map smaller, so as to 

reduce the amount of parameters and the complexity of training (Chung, Kim, Kang, 

& Lim, 2020). The second is to effectively extract the main feature information in the 

feature map, thereby reduce the noise interference of other objects in the image 

(Hussain, Abualkibash, & Tout, 2018). The pooling operations greatly reduce the 
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weight parameters so that it can avoid overfitting. Usually, one or more convolutional 

layers are followed by a pooling layer. 

The max pooling is suitable for extracting texture features, and is generally used 

in shallow networks to reduce useless information. On the contrary, average pooing 

is suitable for retaining overall features, and is generally utilized in deep networks to 

retain contextual information ( Zhang, Wang, Lu, Wang, & Sangaiah, 2020). Max and 

average pooling operations are shown in Figure 2.5. 

 
Figure 2.5 Max pooling and average pooling 

2.4.3 Fully Connected Layer 

The fully connected layer is usually the last one of the hidden layers in the 

convolutional neural network. In the fully connected layer, the neurons in the same 

layer are not connected, but they are connected to the neurons in the previous layers 

one by one. This layer aims at converting the output feature maps obtained by passing 

through previous convolution and pooling layers to be a one-dimensional matrix 

(Molchanov, Vishnyakov, Vizilter, Vishnyakova, & Knyaz, 2017). This one-

dimensional matrix consisting of the feature vectors extracted after convolution and 

pooling operations, which facilitates subsequent regression classification operations. 

The linear transformation is carried out in the fully connected layer according to 

the feature vector and the trained weights. Similar to the convolution layer and the 
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pooling layer, the fully connected layers are also combined (Luo, Yang, Tong, Wu, & 

Fan, 2017). However, a lot of parameters exist in the fully connected layer. The 

combination of multiple fully connected layers will increase the training time. 

2.4.4 Activation Function 

The activation function is a functional relationship between the previous layer’s 

output and the following layer’s input. With the activation function, a nonlinear 

mechanism is attached to the convolutional neural network (Wang, Li, Song, & Rong, 

2020). Then, the entire network can propagate the activation information to the next 

convolutional layer. The network also has the ability to fit nonlinear functions, so that 

it solves the nonlinear classification problems. 

The activation functions basically have into two types: A nonlinear function with 

the exponential shape and a piecewise linear function. The nonlinear functions with 

the exponential shape include sigmoid and tanh activation functions. Piecewise linear 

functions include ReLU and Leaky-ReLU activation functions (Croce, 

Andriushchenko, & Hein, 2019). 

The output interval of the sigmoid function is (0, 1), so that it can be used to 

normalize the input or express the probabilities. But from another point of view, the 

sigmoid function also has its drawbacks. One of the problems is its saturation, which 

can easily lead to under-fitting (C. Zhang, Yue, Wang, Li, & Ding, 2020). Another 

problem is that the output isn’t zero-centered, which causes a gradient vanishing 

problem. The sigmoid function curve is shown in Figure 2.6 (a). As can be seen from 

the curve, the function tends to be saturated as the input goes to plus or minus infinity. 

Equation 2-4 below represents its formula. 

 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) 	= 	
1

1	 +	𝑒-. (2.4) 

Tanh function is a kind of hyperbolic functions, and is also a common activation 

function, which output interval is (-1, 1). As shown in Figure 2.6 (b), its curve shape 

is very similar to the shape of sigmoid function. The main difference is that the output 
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value of Tanh function is between -1 and 1, which is zero-centered. Thus it can solve 

the non zero-centered problem in sigmoid function. But the gradient vanishing 

problem still exists (J. Yang & Yang, 2018). The function formula is displayed in 2-5. 

 𝑇𝑎𝑛ℎ(𝑥) 	= 	
𝑒. 	− 	𝑒-.

𝑒. 	+ 	𝑒-.  (2.5) 

ReLU (Rectified Linear Unit) function is a piecewise function, which formula 

indicates in Equation 2-6. The essence of this function is to keep any value greater 

than 0 unchanged, and return all value less than or equal to 0 to be 0. Therefore, ReLU 

function can ensure that its gradient is not attenuated when the input value is greater 

than 0, which effectively alleviates the gradient vanishing problem that happened to 

previous activation functions. Furthermore, the usage of ReLU function makes 

training no longer rely on the unsupervised pre-training method, which is very 

important for training deeper models. It can also proffer a reference on the later design 

of the activation function of the network model, effectively reducing the complexity 

of training (Arcos-García, Alvarez-Garcia, & Soria-Morillo, 2018). The function curve 

is shown in Figure 2.6(c). 

 𝑅𝑒𝐿𝑈(𝑋) 	= 	 B𝑥, 𝑥 ≥ 0	
0, 𝑥 < 0  (2.6) 

In ReLU function, when the input value is negative, the output is always 0, which 

will cause the neuron to fail to update the data and the neuron stops learning. Leaky 

ReLU function is a variant of ReLU function. For the negative input, this function has 

a minor slope, which displays in Figure 2.6 (d). That change can well solve the 

problem that neurons stop learning when the input enters the negative interval (X. 

Wang, Qin, Wang, Xiang, & Chen, 2019). And its formula shows as follows. 

 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑈(𝑥) 	= 	 B 𝑥,			𝑥 ≥ 0
𝑎𝑥,			𝑥 < 0	    and	a	 ∈ (0,1) (2.7) 

Four common activation functions’ curve display in Figure 2.6. 
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Figure 2.6 Diagram of four common activation functions 

2.5 Classic Convolutional Neural Networks 

2.5.1 AlexNet 

AlexNet is an efficient and typical convolutional neural network structure, which is 

suitable for multi-GPU calculations. Meanwhile, AlexNet is also a neural network 

based on LeNet-5 that deepens the network structure, so as to learn more complex 

and high-dimensional image features. This neural network is composed of 8 layers, 

including 5 convolution layers, 3 fully connected layers and the softmax layer with 

1000D at the end. And its detailed structure gets displayed in Figure 2.7 as follows. 
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Figure 2.7 The structure of AlexNet 

AlexNet has made innovations in many aspects and adopted many new 

technologies. First of all, on the aspect of the activation function, it uses ReLU 

function that is a non-linear saturation function, to replace the ordinary sigmoid 

function (S.-H. Wang et al., 2019). In this way, the network can iterate to the specified 

training error range more quickly. Secondly, the network uses two GPUs for 

calculations, and each GPU has its own specified calculation operation. Moreover, two 

GPUs can only communicate with each other at the prescribed network layer. 

Multiple GPUs usage does greatly improves the network’s calculation efficiency 

(Krizhevsky, Sutskever, & Hinton, 2017). Besides that, the Dropout function starts 

being used in training, so a part of the neurons are randomly ignored that it could 

avoid overfitting the model (J. Li et al., 2019). Finally, previous convolutional neural 

networks generally use average pooling, while AlexNet takes the lead in adopting 

maximum pooling so that it effectively solves the fuzzy problem caused by average 

pooling. 

2.5.2 VGGNet 

VGGNet is one of the most famous classic convolutional neural networks as yet. Since 

VGGNet makes improvements on the basis of AlexNet, replacing only one 7×7 

convolution kernel in a convolution layer in AlexNet network structure with 2 to 4 

small 3×3 convolution kernels. To be brief, VGGNet is to change one single large 

convolution kernel to be multiple small convolution kernels in the same convolution 

layer (Jun et al., 2018). Using a multi-layer small convolution kernel to replace a single 
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large convolution kernel not only reduces the number of parameters, but also has 

more non-linear convolution operations. As a consequence, multi-layer nonlinearity 

can increase the depth of the network to ensure the learning of more complex models, 

and improve the fitting expression ability. 

The two most common structures for VGGNet are VGG16 and VGG19. As the 

name suggests, there are 16 layers in a total of convolution layers and fully connected 

layers in VGG16, while there are 19 layers in VGG19. It shows that there is no 

essential difference between the two structures. Only the latter has a deeper network 

depth than the former. However, compared with AlexNet, VGG uses multiple sets of 

small convolution layers, so its performance of convolution is more excellent (Bi, Yu, 

Gao, Zhou, & Yao, 2020). But meanwhile, VGGNet also has a few shortcomings. For 

example, this network structure consumes more computing resources, and more fully 

connected layers result in more memory usage (Y. Zhou, Chang, Lu, Lu, & Zhou, 

2020). 

2.5.3 ResNet 

The proposal of VGGNet effectively proves that as the network depth increases, the 

network performance becomes better. Nevertheless, with the development of 

network model depth characteristics, researchers found that simply adding layers to 

increase the depth of the network will not only not improve the network’s 

performance, but its accuracy will also drop rapidly after reaching saturation (X. Li & 

Cui, 2016). In the meantime, adding more useless layers to the network model with 

the appropriate depth will lead to higher training error. K. He, Zhang, Ren, and Sun 

(2016) proposed the ResNet structure. ResNet makes use of the residual structure to 

alleviate the problem of training degradation well. The residual structure refers to 

establishing an additional special connection structure that can skip one or more 

layers between layers to achieve a connection, namely shortcut connection. The 

diagram of a residual unit structure is in Figure 2.8 as follows. 
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Figure 2.8 The structure of residual unit 

According to the above figure showing, the output of the residual unit not only 

includes the output of multiple convolution layers but also includes a non-linear 

combination with the input element x, which is activated by ReLU function. Then 

ResNet is composed of multiple such residual units. As we all know, the deeper 

network is more complicated to train due to the gradation vanishing and gradient 

explosion problems. Learning shortcut connection can make it get activated from one 

layer, and then quickly feedback to another layer or even a deeper layer. Therefore, 

ResNet is more suitable for training deeper network models. 

2.6 Object Detection Models 

2.6.1 YOLO 

Object detection consists of two tasks, which are classification and localization. Before 

the appearance of You Only Look Once (YOLO), these two tasks are separated in the 

object detection methods. So with that in mind, YOLO is a brand new object detection 

method proposed by Redmon, Divvala, Girshick, and Farhadi (2016). In the YOLO 

model, the object detection task is simply converted into a regression problem to deal 

with. Furthermore, YOLO is an end-to-end object detection structure that can obtain 

the coordinates of the predicated bounding boxes, the confidence of the target 

existence, and the probability of the category the target belongs to simultaneously 
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through one image input. 

 Eventually, YOLOv5 was published in June of 2020. There is few research on 

YOLOv5’s performance in traffic sign recognition. Nevertheless, Kuznetsova, Maleva, 

and Soloviev (2020) proceeded an experiment of detecting apples by YOLOv5 to 

compare with the performance of YOLOv3. Their experimental results indicated that 

YOLOv5 outperformed the previous model indeed. YOLOv5 obtained 4.3% 

increments in the detection accuracy on the dataset of 5142 apples in 878 images. 

Moreover, a similar experiment was carried out for the apple picking robot by Yan, 

Fan, Lei, Liu, and Yang (2021). And they concluded the comparable outcomes with 

an improved YOLOv5s model, which were 14.95% and 4.74% rise by comparisons to 

YOLOv3 and YOLOv4, respectively. 

2.6.2 SSD 

The SSD Neural Network has already been well known (Liu et al., 2016). Meanwhile, 

the SSD model is already being improved and used to detect the target in various fields. 

Recently, the experiments are implemented based on the CTSD dataset with the 

improved SSD model, the results reached 94.4% for the precision and 92.6% for the 

recall (Huo, Zhang, Li, 2020). Besides that, a comparison of traffic sign recognition 

between SSD and YOLOv2 was done by Garg, Chowdhury, and More (2019). Their 

experiment adopted the dataset chosen from the GTSRB dataset. After an overall 

comparison, they clarified that SSD was 21% less accurate than YOLOv2, and the 

latter was 16% faster than the SSD model. 
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Chapter 3  

Methods  

 

 

The main content of this chapter is to elaborate on two 

models, including YOLO and SSD, theoretically used in this 

experiment. Afterwards, it describes the collection and pre-

processing of the dataset for each model. The follows are to 

address the implementation our experiments and key 

parameters in detail. The evaluation methods of this project are 

introduced finally. 
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3.1 YOLO Series Algorithm 

The YOLO series model has been updated to YOLOv5 since it was proposed. The 

accuracy of object detection continues to be improved, and regression is always 

adopted as its core idea. In this report, we also take the latest version of YOLOv5 as 

one of the NZ-TSR models in the experiment. Hence, the following is a detailed 

introduction to each version of the YOLO model. 

3.1.1 YOLOv1 

Consistent with other convolutional neural network detection algorithms, YOLOv1 

also uses multi-layer convolution and pooling operations to extract features, and then 

outputs final feature maps through a fully connected layer. However, YOLOv1 

subdivides the input image into many small grids, which is different from other object 

detection models. 

First of all, YOLOv1 resizes the original input image to 448×448, and then keeps 

dividing it into S×S cells, usually with a size of 7×7 (Redmon et al., 2016). This step 

operation facilitates the division of the object’s center position, and the division result 

should look like in Figure 3.1 below. Each cell can detect objects individually. If the 

center of an object falls in a cell, then that specific cell is responsible for predicting 

the object. 
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Figure 3.1 Diagram of YOLO’s brief detection workflow 

As shown in Figure 3.1, each cell has to predict the number of B bounding boxes’ 

values. And the bounding box value contains coordinates (x, y), width w, height h, 

and a confidence score predicted for each bounding box. Hence, each cell would 

predict the number of B 5-dimensional matrixes. Among them, (x, y) represent the 

offsets of the bounding box’s center position relative to the upper left corner of the 

current cell, and the value range is (0, 1). Where w and h are the ratios of the bounding 

box’s width and height to the entire image, and the value range is also (0, 1). There 

are two parts of the calculation for the confidence score: whether an object is in the 

cell and the IoU (Intersection over Union) value of the prediction box and the real 

box. The confidence calculation formula displays as follows. 

 𝒄𝒐𝒏𝒇𝒊𝒅𝒆𝒏𝒄𝒆	 = 𝑷𝒓(𝑶𝒃𝒋𝒆𝒄𝒕) 	× 	𝑰𝒐𝑼𝒑𝒓𝒆𝒅𝒕𝒓𝒖𝒕𝒉 (3-1) 

If the cell contains an object, then Pr(Object) is 1, then the confidence score 

equals the IoU value. On the contrary, if no object exists in the cell, then the 

confidence score equals 0 (Jianming Zhang, Huang, Jin, & Li, 2017). Besides that, 

when classifying, YOLOv1 needs to predict the probability for the number of C 

categories in all cells. Here Pr(Classi|Object) represents the conditional probability 

under the confidence of the bounding box. Then the above confidence calculation 
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formula is converted as follows. 

𝒄𝒐𝒏𝒇𝒊𝒅𝒆𝒏𝒄𝒆 = 𝑷𝒓(𝑪𝒍𝒂𝒔𝒔𝒊|𝑶𝒃𝒋𝒆𝒄𝒕) × 𝑷𝒓(𝑶𝒃𝒋𝒆𝒄𝒕) × 𝑰𝒐𝑼𝒑𝒓𝒆𝒅𝒕𝒓𝒖𝒕𝒉 

                    = 𝑷𝒓(𝑪𝒍𝒂𝒔𝒔𝒊) × 𝑰𝒐𝑼𝒑𝒓𝒆𝒅𝒕𝒓𝒖𝒕𝒉 

(3-2) 

Eventually, through setting a threshold, the prediction with a low confidence 

score would be filtered out. Then use Non-Maximum Suppression (NMS) to remove 

redundant ones to obtain the final prediction box. YOLOv1 network structure adopts 

the typical form of CNN, starting with convolution layers to extract features, and then 

fully connected layers to predict results (G. Li, Song, & Fu, 2018). Its interior borrows 

GoogLeNet, as shown in Figure 3.2 below. 

 
Figure 3.2 Diagram of YOLOv1 network structure 

    The total predicted value output by all cells is calculated like this, 

 𝑺	 × 𝑺	 × (𝑩	 ×	(𝟒	 + 𝟏) 	+ 𝑪) 	= 𝟕	 × 𝟕	(𝟐	 × 𝟓	 + 𝟐𝟎) (3-3) 

In Figure 3.2, the output dimension of YOLOv1 is only 30, which means that each 

cell can only predict two bounding boxes and only recognize 20 categories of objects. 

As a result, YOLOv1 has a great defect for multi-size object detection, and the 

limitation of 20 categories of objects is not conducive to multi-object detection. 
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3.1.2 YOLOv2 

In order to solve the large positioning error and low recall rate problems in YOLOv1, 

YOLOv2 was proposed in 2017. YOLOv2 does do improvements in many aspects. 

(1). Batch Normalization 

YOLOv2 adds a bath normalization layer after each convolution layer to replace 

the dropout layer to prevent over-fitting of the model (S. Yang, Bo, Zhang, & Wang, 

2020). The newly added batch normalization layer makes the model accelerate the 

convergence efficiency and increase the mAP by 2.4%. 

(2). High-resolution classifier 

Before YOLOv2, many object detectors used images smaller than 256×256. Such 

low-resolution detection can no longer meet the needs of high-resolution object 

detection. Hence, YOLOv2 starts training the model with 448×448 resolution. In the 

end, the mAP of high-resolution detection gets increased by 4%. 

(3). Convolution with anchor boxes 

In order to improve the recall value, YOLOv2 removes the fully connected layer 

and uses anchor boxes to predict bounding boxes. The user weighted the detection 

accuracy and speed, and finally determined the number of anchor boxes was 5. Then 

that makes the number of prediction boxes increased from 98 (7×7×2) to 845 (13×13×5) 

so that the accuracy of target positioning gets improved. 

(4). Darknet-19 

YOLOv2 proposes a classification network called Darknet-19 (C.-C. Wang, 

Samani, & Yang, 2019). It has 19 convolution layers and 5 max-pooling layers, as 

shown in Figure 3.3.  
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Figure 3.3 Diagram of Darknet-19 structure 

In Darknet-19, it adopts many 3×3 convolution layers, and the number of 

convolution kernels is doubled after the pooling operation. Then it uses 1×1 

convolution layers to achieve dimensionality reduction. Thus, the model’s detection 

accuracy is improved. Although YOLOv2 has improved the problems of inaccurate 

positioning and low recall in YOLOv1, there is still room for improvement in small 

object detection ability. The detection accuracy still needs to be enhanced. 

3.1.3 YOLOv3 

The problem with YOLOv2 is that the detection accuracy of small objects is not high. 

For example, in a feature map obtained after feature extraction of an image, the 

information containing small objects are lost. YOLOv3 draws on the idea of Feature 

Pyramid Network (FPN) and introduces the concept of multi-scale prediction. That 

is, the number of detection layers increases from 1 to 3 (Lawal, 2021). The resolution 

is 1/32, 1/16, and 1/8 of the original size. As shown in Figure 3.4, then the 3 layers 

correspond to feature maps at three different scales:  13×13, 26×26 and 52×52 (W. 
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He, Huang, Wei, Li, & Guo, 2019). The multi-scale detection strategy in YOLOv3 

enables the detection layer to integrate contextual feature information, which is 

convenient for the model to predict objects at various scales. 

 

Figure 3.4 Diagram of YOLOv3 network structure 

The backbone network of YOLOv3 uses Darknet-53, which is deeper and more 

robust, as the feature extraction network, and contains 53 convolutional layers (M. 

Zhang, Zhao, Li, Wang, & Zhang, 2019). As displayed in Figure 3.5, Darknet-53 draws 

on the practice of the residual network (ResNet) and sets up residual components 

between convolution layers. Each residual component is composed of two 

convolutional layers and a fast connection (Fang et al., 2021). It ensures that the 

network still maintains the characteristics of the training object when it is deep. And 

it also makes the loss function can still converge and avoids the gradient vanishing 

problem. 
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Figure 3.5 Diagram of Darknet-53 structure 

YOLOv3 deepens the network structure to improve accuracy at the expense of 

network speed. The problem of false detection and omission of overlapping objects 

still exists in YOLOv3. Therefore, it still needs to seek a more effective detection 

model. 

 

3.1.4 YOLOv4 

The purpose of proposing YOLOv4 is to speed up the training speed and optimize the 

neural network so that the model can be trained and tested by using conventional 

GPUs. Similar to YOLOv3, YOLOv4 mainly adopts the CSPDarknet-53 as its 

backbone network. And it also uses ResNet to extract deep features, and eventually 

obtain the object’s classification and position through a multi-scale prediction layer 

(Gong, Ergu, Cai, & Ma, 2020). In addition, YOLOv4 chiefly makes the following four 

improvements. 



30 
 

(1). Input layer improvements 

YOLOv4 starts using the Mosaic method to enhance the input data, enriching the 

dataset by selecting four images for random cropping, random splicing, and random 

arrangement. The benefit brought by such a splicing operation is that many small 

objects are added so that the robustness of the network for small object recognition 

has been improved. 

(2). Backbone network improvements 

CSPDarknet-53 changes the activation function in the first convolution layer in 

the original Darknet-53 from ReLU to Mish function (Misra, 2019). Compared to 

ReLU function, Mish function is smoother, and there is no un-differentiable point in 

the whole process. The Mish function graph in Figure 3.6 shows that it is similar to 

ReLU function in the positive interval, but it still has a gradient in the negative 

interval. And that gradient only disappears when it tends to negative infinity. The 

model gets better feature transferability and thus has better generalization ability. 

Mish function equation displays in 3-4. 

 

 

 

 𝑴𝒊𝒔𝒉	 = 𝒙	 × 𝒕𝒂𝒏𝒉g𝒍𝒏(𝟏	 +	𝒆𝒙)i (3-4) 
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Figure 3.6 Mish function graph 

(3). Neck network improvements 

YOLOv4 adds Spatial Pyramid Pooling (SPP) module and FPN+PAN (Path 

Aggregation Network) between the backbone and the final output layer. 

(4). Prediction Layer 

During training, it adopts CLOU_Loss as the loss function and DIOU_nms to filter 

prediction boxes. The benefit is that the three factors of overlap area, center point 

distance, and aspect ratio are considered. 

3.1.5 YOLOv5 

The structure of YOLOv5 algorithm is very similar to that of YOLOv4. The entire 

network model can also be divided into four parts: input, backbone, neck and the 

prediction layer. Figure 3.7 represents the detailed network structure of YOLOv5. 
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Figure 3.7 Diagram of YOLOv5 network structure 

In the input part, YOLOv5 and YOLOv4 both use the Mosaic method to enhance 

the input data. Mosaic method is very effective for small object detection. Its detailed 

operations have been introduced in the part of YOLOv4 above. The algorithm needs 

to change the size of the input image to a fixed size then input it into the detection 

model for training. As shown in Figure 3.7, the standard size of the image is 608×608×3. 

In addition, the network trains based on the initial anchor box to obtain the prediction 

box, compares it with the real annotated box, and updates the network model 

parameters iteratively through the reverse update of the difference. 

The backbone part contains Focus module and CSP module (Shi, Hu, Lei, & Xu, 

2021). Focus module does not exist in the previous YOLOv3 and YOLOv4 algorithms. 

And its key step is to compress the height and width of the input image through the 

slicing operation. Then the images are spliced to realize the integration of the image 

width and height dimensional information into the channel dimensions so that the 

number of input image channels is increased. The structure of Focus module also gets 

displayed in Figure 3.7. On the aspect of CSP module, two CSP module structures are 

designed in YOLOv5, which are CSP1_X and CSP2_X (Lian, Yin, Li, Wang, & Zhou, 

2021). Among them, CSP1_X module is mainly used in the backbone network, and 

the CSP2_X is mainly used in the neck network. Both two CSP module structures are 

included in above Figure 3.7 as well. 
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The neck part in YOLOv5, similar to that in YOLOv4, also adopts FPN+PAN 

structure.  Feature Pyramid Network (FPN) is from top to bottom and uses up-

sampling to transfer and fusion information to obtain predicted feature maps. In 

contrast, PAN (Path Aggregation Network) is a feature pyramid from bottom to top. 

Compared with ordinary convolution operations in YOLOv4, YOLOv5 adopts 

CSP2_X module mentioned above to strengthen the ability of the network feature 

integration in its neck part. 

In the prediction part, unlike YOLOv4, YOLOv5 uses GIoU_Loss as the loss 

function, which effectively solves the problem when the bounding boxes do not 

coincide (S. Li et al., 2021). And GIoU calculation equation shows as below. 

 𝑮𝑰𝒐𝑼	 = 𝑰𝒐𝑼 −	
|𝑪 − (𝑨 ∪ 𝑩)|

|𝑪|  (3-5) 

In the above 3-5 equation, we find the smallest box C for two arbitrary boxes A 

and B, including A and B. After that, calculate the ratio of the area of C that does not 

cover A and B to the total area of C, then subtract this ratio from the IoU value of A 

and B. GIoU can be treated as a distance. So GIoU_Loss can be as follows. 

 
𝑮𝑰𝒐𝑼_𝑳𝒐𝒔𝒔	 = 𝟏	 − 𝑮𝑰𝒐𝑼	 = 	𝟏	 −	p𝑰𝒐𝑼 −	

|𝑪 − (𝑨 ∪ 𝑩)|
|𝑪| q (3-6) 

Besides that, YOLOv5 has four models, which are YOLOv5s, YOLOv5m, 

YOLOv5l and YOLOv5x, according to the network depth and the feature graph width, 

and they are shown in Figure 3.8. Among them, YOLOv5s has the smallest network 

and the fastest training speed, while the lowest Average Precision (AP) value. 

However, YOLOv5s is suitable for the situation where the detection is based on the 

big object and the pursuit of speed. On this basis, the other three networks have been 

continuously deepened and widened, and AP value has also been continuously 

improved, but the speed consumption has also been increased. In this report, we take 

the largest network YOLOv5x as a model in the experiment. 
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Figure 3.8 YOLOv5s, YOLOv5m, YOLOv5l, YOLOv5x’s network depth 

3.2 SSD Neural Network 

SSD is short for Single Shot MultiBox Detector. As the name suggests, Single Shot 

explains that the SSD model is a one-stage detection method. The user only needs to 

input an image, and then it passes through the convolutional neural network to 

directly calculate the classification and location of the object in the image. And 

MultiBox shows that the SSD model uses different size detection boxes when 

extracting object features and generates various feature maps that strengthen the 

network’s feature extraction ability. The network structure of the SSD model mainly 

contains two parts, as shown in the following Figure 3.9. 

 

Figure 3.9 Diagram of SSD network structure 

The first part is the basic feature extraction network, which uses the VGG-16 

network without the dropout layer, FC8 and softmax classification layers. It replaces 

the fully connected layers FC6 and FC7 of the ordinary VGG network with the 

convolution layers Conv6 and Conv7 (Liu et al., 2016). The other part is a multi-scale 
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feature detection network, which is a convolutional neural network with a feature 

pyramid structure. In the second part, four convolution layers of Conv8, Conv9, 

Conv10, Conv11 have been newly added. Each convolution layer uses a 1×1 

convolution kernel for dimensionality reduction and then uses a 3×3 convolution 

kernel for feature extraction (Yao et al., 2019). Then it forms a multi-scale feature 

detection network with the previous Conv4 and Conv7 layers, and performs feature 

detection under different scale conditions on the extracted feature maps. 

The SSD model extracts 6 sets of feature maps with different scales from Conv4_3, 

Conv7, Conv8_2, Conv9_2, Conv10_2, Conv11_2. And then sends these 6 sets of 

feature maps to perform 3×3 convolution operations and generates different scales 

prediction boxes and its corresponding classification probability (Kang, 2020). 

Table 3.1 The total number of bounding boxes calculation in SSD model 

 

As calculated in the above table, multiplying by 4 or 6 is because the number of 

detection boxes that the feature map is divided into in each convolution layer is 4 or 

6. The SSD model finally has 8732 bounding boxes outputs. Compared to YOLOv1, 

there are 7×7 grids, and each grid only has 2 bounding boxes, then 98 (7×7×2) 

bounding boxes in total. The SSD model has more bounding boxes, making the 

network learn more features, thereby improving the detection accuracy. 

The SSD model is set with a default detection box. In the training phase, the IoU 

value of the default detection box and the bounding box in the ground truth 

determines the positive sample of the negative sample. The positive sample means that 
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it contains the target. Otherwise, the negative sample is the background. And through 

the non-maximum suppression (NMS) algorithm removes the redundant overlapping 

detection boxes of the same target (Y. Yu, Han, & Du, 2020). In the loss calculation 

phase, it encodes the default box and ground truth box first and then performs the 

loss calculation between them and the prediction box. In the testing phase, the SSD 

model detects each default box, and the default box with a confidence score greater 

than the threshold indicates that it contains the target so that the prediction box is 

obtained finally. 

In any object detection model, the loss function is the compulsory component. 

The loss function of the SSD model consists of two parts, namely the localization loss 

(Lloc) and the confidence loss (Lconf) (Hao, Yingkun, & Yi, 2019). The entire loss 

function is the weighted sum of the localization loss and the confidence loss, as shown 

in 3-7. 

 𝑳(𝒙, 𝒄, 𝒍, 𝒈) 	= 	
𝟏
𝑵t𝑳𝒄𝒐𝒏𝒇

(𝒙, 𝒄) 	+ 	𝜶𝑳𝒍𝒐𝒄(𝒙, 𝒍, 𝒈)v (3-7) 

In equation 3-7, N represents the number of positive instances in the prediction 

box, that is, the number of prediction boxes that can be successfully matched with the 

ground truth labelled box. c is the confidence of the predicted classification, l is the 

prediction box by the model, g is the ground truth labelled box, and α is the weight 

coefficient of the localization loss and the confidence loss. 

The confidence loss function (Lconf) adopts the Softmax Loss (Chen, Huang, Zhou, 

& Tan, 2018), the input is the confidence of each classification c, then Lconf  

calculation equation is as follows. 

 
𝑳𝒄𝒐𝒏𝒇(𝒙, 𝒄) 	= 	− & 𝒙𝒊𝒋

𝒑 𝒍𝒐𝒈gĉ𝒊
𝒑i − & 𝒍𝒐𝒈gĉ𝒊𝟎i

𝒊∈𝑵𝒆𝒈

𝑵

𝒊∈𝑷𝒐𝒔

 (3-8) 
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ĉ𝒊
𝒑 	= 	

𝒆𝒙𝒑g𝒄𝒊
𝒑i

∑ 𝒆𝒙𝒑g𝒄𝒊
𝒑i𝒑

 (3-9) 

The localization loss function (Lloc) adopts the Smooth L1 Loss (G. Yu, Fan, Zhou, 

Wu, & Zhu, 2020) to be the parameters of the prediction box (l) and the ground truth 

labelled box (g). And it also includes the center coordinate position (x, y), the width 

w and the height h. So the equation displays as below. 

 𝒔𝒎𝒐𝒐𝒕𝒉𝑳𝟏(𝒙) 	= 	 {
𝟎. 𝟓𝒙𝟐,									|𝒙| < 𝟏
|𝒙| − 𝟎. 𝟓,						|𝒙| ≥ 𝟏 (3-10) 

 
𝑳𝒍𝒐𝒄(𝒙, 𝒍, 𝒈) 	= 	 & & 𝒙𝒊𝒋𝒌 𝒔𝒎𝒐𝒐𝒕𝒉𝑳𝟏(𝒍𝒊𝒎 	− 	𝒈𝒊𝒎)

𝒎∈{𝒄𝒙,𝒄𝒚,𝒘,𝒉}

𝑵

𝒊∈𝑷𝒐𝒔

 (3-11) 

In the above equation 3-11, 𝒈𝒊𝒎 is the offset of the ground truth labelled box 

relative to the default detection box, and 𝒍𝒊𝒎  is the prediction box output by the 

model. Therefore, the prediction box output by the SSD model is not the direct 

coordinates of the prediction box but the offset of the prediction box relative to the 

detection box. 

3.3 Dataset Collection 

At present, there are many public traffic sign datasets from different countries. 

Representatives are German Traffic Sign Detection Benchmark (GTSDB), Belgium TS 

and Tsinghua-Tencent 100K (TT100K). And these famous datasets have been widely 

used in numerous previous researches. However, in this report, we decide to collect 

the traffic sign images in New Zealand as the dataset to implement the traffic sign 

recognition experiment. 

Traffic signs can vividly express their meaning through a few words and symbols, 

and instruct pedestrians and vehicles to complete the traffic behaviours correctly. In 
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this report, we select 8 classifications of traffic signs with high awareness and 

important safety significance in New Zealand. Because of a low density of traffic signs 

on the road of New Zealand, we collected traffic sign images by cameras instead of 

driving videos. I invited my friends for help, and we split into two groups. Both two 

groups walked on the street in Auckland and used the phone’s camera to take images. 

One group used Huawei P40, and the other group used Samsung Galaxy Note8. 

Eventually, our dataset is composed of 2182 traffic sign images, namely NZTS-2K. 

Among them, No U-turn (271 images), Road bump (329 images), Road works (294 

images), Watch for children crossing (176 images), Crosswalk ahead (313 images), 

Give way (317 images), Stop (286 images) and No entry (196 images), which are shown 

in Table 3.2.  

Table 3.2 Dataset summarization of NZST-2K 

No U-turn 

 

271 

 

Road bump 

 

329 

Road works 

 

294 
Watch for 
children 
crossing 

 

176 

Crosswalk 
ahead 

 

313 Give way 

 

317 

Stop 

 

286 No entry 

 

196 
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3.4 Dataset Preprocessing 

For the raw data in our dataset, a few images were in landscape view. First of all, we 

had to use a software tool to convert any images that are in landscape view to be 

portrait. In this project, we used the software called JPEG Autorotate to rotate images 

for us. After that, due to the ultra-high definition images leading to too long training 

time, we resized the image in the same proportion of its width and height. So we 

normalized all images in our dataset to be 1128×2016 and 1536×2048 and formatted 

them to be .jpg extension. So far, all images’ preprocessing tasks had been done. Next, 

we labelled images based on different models’ requirements, obtained corresponding 

annotation files, and split them into training, validation, and test datasets. 

3.4.1 Dataset Preprocessing for YOLOv5 Experiment 

As preparation of the image’s annotation file for the model training in YOLOv5, it 

requires a .txt file contains the label information. In this report, we used a labelling 

tool, namely Labellmg. Especially, we needed to change the format to be YOLO since 

the default is PascalVOC. 

 

Figure 3.10 Labellmg GUI for labelling an image in the YOLOv5 dataset 

As shown in Figure 3.10, we created a rectangle box to cover the object in the 
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image. Each label comprises five parameters: the index of classification, the center 

point coordinates (x, y), the width and height. Once all images’ labelling done, we 

divided all images in our dataset into training and test dataset in the proportion of 

eight and two. And put images and corresponding annotation files into the /images 

and /labels folders respectively, as the structure in Figure 3.11. 

 

Figure 3.11 YOLOv5 dataset structure 

3.4.2 Dataset Preprocessing for SSD Experiment 

Compared to YOLOv5, the dataset used for training in the SSD model requires 

VOC2007 format. Hence, in Labellmg, we used the default format option, as shown 

in Figure 3.12. 

 
Figure 3.12 Labellmg GUI for labelling an image in the SSD dataset 
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After saving, the image label information would be generated and stored in 

the .xml file in the specified folder. The particular .xml also contains the label’s 

classification, coordinates, width and height, which likes displayed in Figure 3.13. 

 

Figure 3.13 An example of the annotation file in the SSD dataset 

The formal VOC2007 dataset contains Annotations folder, ImageSets folder, 

JPEGImages folder, SegmentationClass folder and SegmentationObject folder. Since 

this report is related to TSR, the last two folders are no longer required. Finally, our 

SSD dataset structure is shown in Figure 3.14. 

 

Figure 3.14 SSD dataset structure 

Among them, the Main fold has four .txt files, which specifies corresponding 
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images’ file names in test, training, validation, and training-validation datasets. For 

the dataset division, it needs to set up the specific proportion. 

 
Figure 3.15 Code of SSD dataset division 

In Figure 3.15, we see in this report that the number of the training-validation 

dataset is 80%, the number of the test dataset is 20%, and training’s and validation’s 

are 64% and 16%, respectively. 

3.5 Experiment Implementation 

To implement YOLOv5 and SSD’s experiment with our dataset, in this report, we 

utilized the Google Colab platform with powerful GPU support. Here, we list a few 

key hardware configurations and parameters about our experiment environment. 

Table 3.3 Experiment’s key configurations and environment parameters 

Operation System Ubuntu 18.04.5 LTS 

GPU Tesla P100-PCIE-16GB 

RAM 26GB 

Hard Disk Drive 108GB 

Programming Language Python 3.7.10 

CUDA Version 11.0.228 

PyTorch Version 1.8.1 

3.5.1 YOLOv5 Experiment Implementation 

Once the experiment environment was already set up, we needed to mount our 
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Google Drive to Colab to access the prepared dataset. And we chose the largest 

network that was YOLOv5x for training in the experiment. The training command 

including key parameters shows in Figure 3.16. 

 

Figure 3.16 YOLOv5 training command and parameters 

In the above figure, we set up the image size to 640×640 pixels and the batch size 

to 16, and trained 200 epochs. Meanwhile, it required to invoke the correct dataset 

configuration file, which was /traffic_signs_small/data.yaml in our case. After the 

training was done, various results graphs were generated and stored in the /runs/trains 

folder. And we obtained the best.pt file, which was the trained model and round 

167MB. 

3.5.2 SSD Experiment Implementation 

Firstly, the same as YOLOv5, we mounted the drive to access the prepared dataset 

stored in Google Drive. Then in the train.py file, the batch size was also set up to 16, 

and the variables of Init_Epoch, Freeze_Epoch and Unfreeze_Epoch were token as 0, 

100 and 200, respectively. After a long time model training, the output file with 

the .pth extension would be generated, which was the final model of our dataset. Then 

the last step was to fill in the correct model file path and pre-designed parameters 

shown in Figure 3.17 to finish the experiment. 

 

Figure 3.17 Experiment parameters of SSD 
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3.6 Evaluation Methods 

For deep learning algorithms, usually one or two evaluation indicators cannot 

evaluate the model’s performance. Instead, multiple evaluation indicators need to be 

comprehensively considered. Therefore, in this report, we use the detection indicators, 

such as IoU, Precision, Recall, F1-score and mAP, to evaluate YOLOv5 and SSD 

models’ performance on our dataset. Furthermore, we also consider the indicator of 

detection speed. Because for the actual traffic sign detection, whether it can meet the 

real-time detection requirements is critical.  

(1). Intersection Over Union (IoU) 

IoU evaluates the degree of overlap between the prediction box and the ground 

truth box. And its calculation equation is represented in 3-12.  If the IoU value is 

greater than or equals the threshold, which is 0.5 here, we declare it as a positive 

sample (Jin et al., 2020). 

𝑰𝒐𝑼	 = 	
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏	 ∩ 𝑮𝒓𝒐𝒖𝒏𝒅𝑻𝒓𝒖𝒕𝒉
𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏	 ∪ 𝑮𝒓𝒐𝒖𝒏𝒅𝑻𝒓𝒖𝒕𝒉 	≥ 𝟎. 𝟓 (3-12) 

(2). Precision and Recall 

Precision is the ratio of the number of correctly detected objects to the total 

number of detected objects, and it examines the accuracy of the detection model. 

However, recall refers to the ratio of the number of correctly detected objects to the 

number of real objects, and it examines the recall level of the detection model (Yuan, 

Xiong, & Wang, 2016). And Precision and Recall represent in Equation 3-13 and 3-

14, respectively. 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏	 = 	
𝑻𝑷

𝑻𝑷	 + 𝑭𝑷 (3-13) 
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𝑹𝒆𝒄𝒂𝒍𝒍 = 	
𝑻𝑷

𝑻𝑷	 + 𝑭𝑵 (3-14) 

In the above equations, TP represents the number of positive samples correctly 

predicted to be positive samples. FP represents the number of negative samples that 

are incorrectly predicted to be positive samples. And FN represents the number of 

positive samples that are incorrectly predicted to be negative samples (Dewi, Chen, & 

Tai, 2020). 

(3). F1 Score 

Precision and recall are often contradictory. If simply use precision or recall, it 

cannot accurately evaluate the detection performance. Therefore, the F1 score is 

introduced as an integrated performance indicator of Precision and Recall (D. Li, Zhao, 

Chen, & Zhang, 2018). Its value range is between 0 and 1. The larger the value is, the 

better the detection performance would be. The equation is shown in 3-15. 

𝑭𝟏 = 	
𝟐	 × 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏	 × 𝑹𝒆𝒄𝒂𝒍𝒍
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏	 + 𝑹𝒆𝒄𝒂𝒍𝒍  (3-15) 

(4). Mean Average Precision (mAP) 

Another way to comprehensively consider precision and recall is the Precision 

and Recall (PR) curve. While the average precision (AP) refers to the area under the 

PR curve. And the mean average precision (mAP) refers to the mean of multiple 

categories’ AP values (Arcos-Garcia, Alvarez-Garcia, & Soria-Morillo, 2018). Hence, 

mAP is the most important performance indicator in object detection. The larger the 

mAP value, the better the detection performance of the model. AP and mAP 

calculation equations are displayed in Equation 3-16 and 3-17 below. 



46 
 

𝑨𝑷	 = 	� 𝒑(𝒓)𝒅𝒓
𝟏

𝟎
 (3-16) 

𝒎𝑨𝑷 =	
𝟏
𝑵&𝑨𝑷𝒊

𝑵

𝒊#𝟏

 (3-17) 
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Chapter 4  

Our Results 

 

 

This chapter is mainly to demonstrate our 

experimental results of YOLOv5 and SSD, respectively. 

In addition, the relevant illustration matched with the 

corresponding evaluation methods is expounded. 
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4.1 Data Description 

By removing duplicated and poor-quality images, our final dataset (New Zealand 

Traffic Signs) consists of 2,182 images with 8 classes, namely, “No U-turn”, “Road 

bump”, “Road works”, “Watch for children crossing”, “Crosswalk ahead”, “Give way”, 

“Stop” and “No entry”. For the pixel size of images in the dataset, two categories are 

1128×2016 and 1536×2048. That’s generated by using two different data collection 

equipment. Figure 4.1 represents the distribution of 8 classes in our dataset. 

 

Figure 4.1 The histogram of eight classes distribution in our dataset 

Due to the particularity of traffic signs, a large number of traffic signs in the same 

class cannot appear in the same road section, the traffic signs with special functions 

are even rarer. As a result, there is a big difference in the number of different classes 

of traffic signs in the collected dataset, which leads to a shortage of the overall samples 

and serious problem of imbalanced samples between different classes. However, from 

Figure 4.1, we clearly see that the number of instances of each class in our dataset is 

sufficient and basically balanced, no significant difference exists. The two classes with 
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the fewest instances are “Watch for children crossing” and “No entry”, but both of 

them are over 150 instances. In consequence, the reliability of the dataset is 

guaranteed that it is conducive to the diversity of the dataset. The model after training 

can maintain consistent detection accuracy for different classes of traffic signs, and 

has better generalization ability and adapt to a variety of environments. 

Furthermore, another important type of charts about the dataset is the label 

distribution map, which reflects the label position in the dataset. Firstly, it’s the 

heatmap of labels position as shown in Figure 4.2. 

 

Figure 4.2 The heatmap of label position in our dataset 

In Figure 4.2, each point represents a traffic-sign sample in the dataset, the x-axis 

and y-axis show the coordinates of a traffic-sign labelled in the corresponding image. 

We notice the coordinates are scale values that are normalized by the sigmoid 

function to be in the range (0, 1). The benefit is that it easily obtains the position of 

the label in the corresponding image even if the image size might be various. In Figure 

4.2, the labels in our dataset are mainly concentrated in the middle of images. There 

are also a few scattered in the corners of images. Secondly, Figure 4.3 reflects the labels 

in images which is called the heatmap of labels. 
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Figure 4.3 The heatmap of label dimension in our dataset 

The width and height of each label is plotted as a point, which are also normalized 

by the sigmoid function within the range (0, 1). Obviously, like general object 

detection, the object to be detected occupies most area of the image, the structure is 

clear, and it is easy to be detected. For traffic-sign detection, if the less pixel 

information is acquired, the fewer features will be extracted. According to Figure 4.3, 

in our dataset, the scales of width and height are around 0.15 and 0.1. The label size 

is roughly in the resolution 210 × 210 from the original image with the resolution 

1536 × 2048. Meanwhile, we observe that there are also a few small proportion and 

big proportion instances in our dataset. 

Therefore, in summary, our dataset takes into account the diversification 

regardless of the position of the label or the size of the label. This is conducive to our 

trained model to improve the accuracy of traffic signs recognition of various sizes and 

in various environments. 

4.2 Experiment Results of YOLOv5 

In this experiment, we used YOLOv5x in YOLOv5 net as one of the models to proceed 

NZ-TSR with our dataset on the Google Colab platform. YOLOv5 model has an 
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excellent visualization function in the result, at first, we visually display its final 

recognition results for our dataset, as shown in Figure 4.4. 

 

 

Figure 4.4 TSR results by using YOLOv5  
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First of all, in a complex environment, YOLOv5 is capable of detecting the traffic 

signs in images keenly. The detected traffic signs are further recognized to the specific 

class correctly. The accuracy of “No U-turn” and “Road bump” recognition could 

reach 100%, and others are all above 90% as well. 

    Furthermore, we also obtain the experiment results from the perspective of 

digitized charts. The confusion matrix is to summarize the true classification labelled 

in the dataset and the classification predicated by the model in a matrix form. As 

shown in Figure 4.5, we observe the final prediction results intuitively that YOLOv5 

could almost achieve the perfect classification prediction of all 8 classes of traffic signs 

in our dataset. 

 

Figure 4.5 The confusion matrix using YOLOv5 based on our dataset 

    After running 200 epochs, we acquire the final results in 9.814 hours training 

time. We evaluate the YOLOv5 performance by using four main measurements, 

which are Precision, Recall, Mean Average Precision with IoU=0.5 (mAP@0.5), and 

Mean Average Precision with IoU from 0.5 to 0.95, step 0.05 (mAP@.5:.95). All of 
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them are summarized in Table 4.1. 

Table 4.1 YOLOv5 experiment results summary with our dataset 

Classes Precision Recall mAP@0.5 mAP@.5:.95 

No U-turn 0.937 1 0.995 0.9 

Road bump 1 0.903 0.965 0.822 

Road works 0.979 0.897 0.928 0.781 

Watch for children crossing 0.997 1 0.995 0.904 

Crosswalk ahead 1 0.979 0.986 0.93 

Give way 1 1 0.995 0.905 

Stop 0.984 0.938 0.975 0.834 

No entry 1 0.938 0.976 0.827 

According to the above table, we see the precisions of “Road bump”, “Crosswalk”, 

“Give way” and “No entry” achieve the value of 1 dramatically. Even if the lowest 

precision obtained by “No U-turn” is also 0.937.  In terms of Recall, the values for all 

8 classes indicate the excellent TSR performance of YOLOv5 in our dataset as well. In 

order to demonstrate the relations among Precision, Recall, Figure 4.6 is extremely 

desired here. 
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Figure 4.6 Precision-recall curves based on YOLOv5 

From Figure 4.6, if the recall is lower than 0.8, the final recognition accuracy of 

8 classes in our dataset is all close to 100%, which almost gets the completely accurate 

prediction. Overall, the mean average precision of “No U-turn”, “Watch for children 

crossing” and “Give way” are as high as 99.5%. Meanwhile, all classes are as high as 

97.7%. In the end, all specific performance metrics of YOLOv5 in our dataset are 

shown in Figure 4.7. 

 

Figure 4.7 All specific performance metrics of YOLOv5 in our dataset 

In Figure 4.7, the first column is the mean of the box loss function on the training 

dataset and the validation dataset respectively. The smaller the value is, the more 

accurate the box of the detected label is. Similarly, the second and third columns are 

the mean values of the loss functions of the training dataset and the validation dataset 

for the object detection and classification respectively. The smaller the value is, the 

better the recognition effect of the model is. The last two columns are performance 

indicators of precision, recall, mAP@0.5 and mAP@.5:.95, which have been discussed 

in Table 4.1 and will not be repeated here. Therefore, from all experimental results of 

YOLOv5, the model achieves a very precise TSR results by using our dataset. 



55 
 

4.3 Experiment Results of SSD Neural Network 

Usually, the most convenient and direct way to evaluate the experiment results is 

accuracy, in this report, we demonstrate the precision in the experiment results of 

SSD neural network with our dataset. 
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Figure 4.8 Precision vs Recall for 8 classes in SSD experiment with our dataset 

From Figure 4.8, we see the prediction results of SSD neural network for 8 classes 

of TSR by using our dataset. Overall, the accuracy of recognition and classification of 

most classes reach nearly 90%. In particular, TSR for “Give way” has the best result, 

the final average precision is as high as 97.06%. However, the average precision of 

“Watch for children crossing” is quite low, only 78.32%.   

In previous chapter, precision and recall are a pair of contradictory metrics. Hence, 

this report needs to introduce another evaluation criteria, namely F1-measure, also 

known as F-score. Based on the formula of F1 value, it is not difficult to see that F1 

combines the results of precision and recall. When F1 value is higher, the 

experimental model is more ideal. The following graphs specifically show the 

experiment results of F1 values for 8 classes of traffic signs in the SSD neural network 

when score_threhold = 0.5. 
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Figure 4.9 F1 for 8 classes in SSD experiment with our dataset 

In Figure 4.9, F1 values of traffic-sign recognition for 8 classes in SSD neural 

network experiment get displayed clearly. Except for “Watch for children crossing”, 

all other classes’ F1 values are above 0.8, which is quite impressive. On the contrary, 

F1 of “Watch for children crossing” is only 0.59. The reason is highly possible that the 

number of instances of that specific class is lower than others. Finally, we summarize 

various performance of SSD neural network experiment with our dataset and display 

them in Table 4.2. 
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Table 4.2 SSD neural network experimental results with our dataset 

Classes Precision Recall F1 mAP@0.5 

No U-turn 0.875 0.778 0.82 0.881 

Road bump 0.895 0.864 0.88 0.88 

Road works 0.967 0.952 0.96 0.977 

Watch for children crossing 1 0.414 0.59 0.783 

Crosswalk ahead 0.88 0.88 0.88 0.899 

Give way 1 0.956 0.98 0.971 

Stop 0.912 0.722 0.81 0.897 

No entry 0.935 0.878 0.91 0.922 

* Above experiment results are based on score_threhold = 0.5 

All results illustrate the model has a relatively good outcome based on in our 

dataset apart from “Watching for children crossing”. In the SSD neural network, the 

accuracy of the class prediction is proportional to the number of instances in each 

class. In other words, for SSD neural network, the more instances the dataset contains, 

the more accurate prediction will be. 
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Chapter 5 

Analysis and Discussions 

 

 

In this chapter, our focus is on the comparison 

between YOLOv5 and SSD based on our experimental 

results. The substantial analysis and discussion will be 

carried out according to the comparison result. At last, the 

limitations of this project will be explicated as well. 
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5.1 Analysis and Discussion 

According to the experiment results shown in the previous chapter, we conduct 

a comprehensive comparison of the key performance metrics of YOLOv5 and SSD 

neural network in our dataset. The detailed results are displayed in Table 5.1. 

Table 5.1 The mean average precision of YOLOv5 and SSD summary 

Class YOLOv5 SSD neural network 

No U-turn 0.995 0.883 

Road bump 0.965 0.880 

Road works 0.928 0.977 

Watch for children crossing 0.995 0.783 

Crosswalk ahead 0.986 0.899 

Give way 0.995 0.971 

Stop 0.975 0.897 

No entry 0.976 0.922 

Overall 0.977 0.901 

In Table 5.1, we see intuitively that the mean average precision of all 8 classes 

obtained by YOLOv5 and SSD neural network is 0.977 and 0.901 respectively. From 

the perspective of each class accuracy, the experiment results of YOLOv5 are all better 

than SSD’s except for “Road works”, the performance of YOLOv5 for “No U-turn”, 

“Watch for children crossing” and “Give way” is remarkable, which has reached 0.995, 

close to 100% detection. For the SSD experiment, the highest recognition accuracy is 

0.977 obtained in “Road works”. However, in “Watch for children crossing” with a 

small number of samples, the accuracy goal is only 0.78. In the end, on the aspect of 

TSR  accuracy in our dataset, both YOLOv5 and SSD neural networks showed good 

capabilities, but YOLOv5 performed a bit better. 
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In the field of traffic-sign recognition, the recognition accuracy of the model is 

important, but the recognition speed is also an indispensable metric. Therefore, in the 

experiment of our dataset, we compare the efficiency of two models based on YOLOv5 

and SSD neural network, and display the comparison result in Table 5.2. 

Table 5.2 The traffic-sign recognition efficiency of YOLOv5 and SSD summary 

 YOLOv5 SSD neural network 

The number of images (frame) 450 450 

Total time cost (second) 15 129 

Efficiency (frame per second) 30 3.49 

According to the recognition time cost by two models in the above table, with 

the same number of images in the test dataset, YOLOv5 used only 15s, while SSD 

neural network needed 129s. The speed of TSR by using YOLOv5 is 30 fps (frame per 

second), nearly 10 times faster than SSD’s, which is 3.49 fps. In other words, on the 

aspect of TSR by using our dataset, YOLOv5 performed better than SSD as well. 

5.2 Limitations of This Project 

Although we have spent a lot of time and efforts on this project, the shortcomings and 

limitations still exist objectively in our project. These limitations are mainly reflected 

in three aspects. First of all, the dataset used in this experiment does not include all 

categories of traffic signs in New Zealand. We collected only eight classes that we 

thought were representative and had important safety significance. Nevertheless, this 

practice itself has subjective view. Compared to widely used public datasets such as 

GTSDB, Belgium TS and TT-100K, the number of instances in each class in our dataset 

is still too few. The traffic sign images in our dataset were captured under a limited 

condition. It lacks a balanced number of samples to truly simulate different 

illumination intensity, different distances, omni-directional angles, and coverage or 

damage cases. 
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Secondly, even though the final TSR accuracies obtained in our experiment are 

impressive and inspiring. The way to overcome this limitation is to explore 

combinations of parameters for better performance, and compare two recognition 

algorithms when they have as much better performance as possible. 

Finally, we only compared the performance of YOLOv5 and SSD neural network 

based on our NZ-TSR dataset. However, except for those two algorithms used in this 

project, we have explored more object recognition algorithms with great performance, 

such as Faster R-CNN, Mark R-CNN and Siamese neural network. Therefore, the 

outcome of this project cannot answer the question of which algorithm has the best 

performance in TSR until more results of comparisons are given. 
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Chapter 6  

Conclusion and 

Future Work 

 

 

In this chapter, we will make a conclusion for the 

entire project based on our experimental results. 

Meanwhile, the perspective of future research will be 

visioned. 
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6.1 Conclusion 

This project aims to prob the accuracy and efficiency of the object recognition model 

based on deep learning based on the dataset of New Zealand traffic signs. Hence, in 

this report, we select the latest version of the YOLO series of algorithms, namely 

YOLOv5, to evaluate its performance. Besides, in this report, we also identify which 

model is more suitable for our classification between YOLOv5 and SSD net, which 

both belong to one-stage object recognition methods in deep learning. 

In this experiment, we adopt a customized dataset of New Zealand traffic signs 

collected by ourselves since no such existing dataset can best fit for our experiments. 

The dataset contains 2,182 traffic sign images having eight classes, which are captured 

manually on the Auckland streets. Then, we implemented a well-designed 

experiment on the Google Colab platform with powerful GPU having very strong 

computational capability. In addition, we also analyze and compare two models by 

using key evaluation metrics. 

In the end, from the experimental results, we achieve impressive and inspiring 

performance from YOLOv5 based on our own dataset. Overall, its accuracy reaches 

97.7% for all classes, the mean average precision in each class is over 90%. Relatively 

speaking, SSD neural network obtains 90.14% on the accuracy in general. But for the 

class with small samples, it only has 78.32% correctness. Therefore, we conclude that 

YOLOv5 performs better than SSD neural network in terms of recognition accuracy. 

Especially in the small samples group, YOLOv5 is able to more accurately detect and 

recognize the target than the latter. Furthermore, from the perspective of recognition 

speed, YOLOv5 is faster than SSD neural network with 30 fps (frames per second), 

SSD only has 3.49 fps. Consequently, we determine that the performance of YOLOv5 

is superior to SSD net no matter on the aspect of the recognition accuracy or the 

recognition efficiency. We believe that YOLOv5 is much suitable for the traffic sign 

recognition in the real-time traffic environment. 
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6.2 Future Work 

For the achievements obtained and the shortcomings exposed in this project, we 

define that we will carry out much work in future from two aspects. Firstly, we will 

keep extending our datasets to cover all categories of traffic signs in New Zealand. 

Meanwhile, more samples will be added to each category so that the expanded dataset 

has outstanding discriminative and covering. Secondly, we should expand the 

experimental model to include the newly developed models for object recognition, 

such as Mark R-CNN, Siamese neural network, etc. In addition, more professional 

evaluation measurements will be adopted to assess the performance of our models in 

the future experiment. 
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