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Abstract  

Vulnerable road users (VRUs) detection is the core process in the field of video 

surveillance and autonomous vehicle. However, many practical challenges are 

encountered in designing a single computer vision model to enable autonomous 

vehicle to capture and analyse the variation of VRUs appearance and moving traffic 

scenes. To design a better VRUs detection model, this research explores and 

investigates a series of structure analysis and development on deep neural networks 

(DNNs), which are currently popular models in many real-world applications due to 

its learning capability and generalization. This research studies the use of activation 

functions that can broadly be classified into three types, i.e. saturated, unsaturated, and 

adaptive activation functions. As a result, parametric rectified linear unit (PReLU) is 

one type of adaptive activation functions achieving the lowest test misclassification 

rate of 1.6% using MNIST dataset as compared to other activation functions. 

Subsequently, an adaptive parameter is added to the hyperbolic tangent function to 

overcome the vanishing gradient issue and reduce the training iterations in the network 

optimization. In addition, a new framework of VRUs detection model known as 

convolutional deep feedforward network (C-DFN) is proposed. This proposed model 

performs a better accuracy than deep feedforward network (DFN), deep belief network 

(DBN), and convolutional deep belief network (C-DBN) using MNIST dataset, INRIA 

pedestrian dataset and Daimler pedestrian dataset. C-DFN incorporated with PReLU 

activation function can further reduce an average of 9.22% from the misclassification 

rate. The convolutional layer in C-DFN acted as a trainable feature extractor can 

improve the network performance significantly and reduce 14% of the trainable 

parameters in DFN. For the VRUs detection system, C-DFN is also modified into 

stacked C-DFN holistic VRUs detection model and stacked C-DFN part-based C-DFN. 

As a result, part-based stacked C-DFN model archives the lowest miss detection rate 

and less false positive per image (FPPI) among all the detection models. Part-based 

model has further reduced 0.95% from the 3 stacked C-DFN’s miss detection rate due 

to the use of upper and lower body parts as the cue in pedestrian detection. Therefore, 

the part-based model can detect the medium scale VRUs even if the image is at low-

resolution.  As in future work, larger pedestrian datasets can be deployed to train C-

DFN model to reduce its miss detection rate and FPPI. Moreover, it can be further 

enhanced in a real-time detection system through code optimization.  
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Chapter 1  Introduction 

1.1 Project Overview 

Road traffic injuries are one of the major global public health issues associated 

with the loss of approximately 1.35 million lives yearly on the road [1]. In 2018, road 

accidents are reported as the eighth leading cause of death toll across all age groups 

globally. With less concern on traffic rule legislation and road safety improvement, 

road accidents are predicted to become the seventh leading cause of death toll by 2030. 

As referring to world statistics displayed in Fig. 1.1, there are 54% of the road fatalities 

involving vulnerable road users (VRUs) such as pedestrians, motorcyclists, and 

cyclists. Especially in the South-East Asia region, the fatalities of VRUs have made 

up to 59% of the total road fatalities. The traffic death rate in Malaysia has been ranked 

as the third highest rate globally, which is beyond the countries with a larger 

population such as China and India [2]. 

 

Figure 1.1: World statistic of road traffic deaths in 2018 has reported that the death 

toll largely involves vulnerable road users (VRUs) 26% pedestrian and 

cyclists, 28% motorcyclists, 29% car occupants, and 17% were 

unidentified road users. [1] 

To improve road safety features in a vehicle, the emerging technology of 

Advanced Driver Assistance Systems (ADAS) and self-driving cars has drawn 

increasing attention of its potential to minimize the fatalities rate on the road. Due to 

the massive traffic loads and road structures, the implementation of driverless cars in 
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the South-East Asia region may incur huge challenges on the current road condition 

and environment. To gradually move towards the direction of driverless cars, an 

intensive research and development on ADAS is vastly focused to create more 

intelligent on-board processing system that aims to increase the pre-crash awareness 

to assist drivers on the road.   

ADAS is designed in such a way that it can provide car-ahead road information, 

execute counteractive measure and assist a driver in making quick decisions to avoid 

collision [3]. Various existing ADAS in the current market is summarized in Table 1.1 

with the detail description of its functionality.  The integration of ADAS with on-board 

sensors can lead to self-driving cars as illustrated in Fig. 1.2. Optical sensors, or it may 

usually refer to colour cameras, is one of the major on-board sensors to detect objects 

on the road. The advantages of optical sensors are rich in visual information, easy 

configuration for video acquisition, and wide range capturing ability. As compared to 

other sensors such as radar, laser scanner, and infrared sensor, cameras can provide 

valuable information such as textual, colour, and shape at lower cost with the 

advancement of computer vision algorithms [4]. Therefore, visual-based ADAS has 

obtained great potential and realistic values to be installed on a vehicle in the low- and 

middle-income countries [5]. 

 

Figure 1.2: Advanced driver assistance systems. [6] 
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Table 1.1: Advanced Driver Assistance Systems (ADAS) [7]. 

ADAS Functions Sensors 

Traffic sign 

recognition 

To detect road sign and remind driver the 

current speed limit 
Camera 

Emergency brake 

assist 

To activate an automatic braking system as 

soon as the vehicle within a dangerous 

distance from a preceding vehicle  

LIDAR 

Adaptive cruise 

control 

To follow the flow of traffic ahead of the 

vehicle, allowing drivers to arrive more 

relax and safely. 

Long-range 

radar 

Blind spot 

detection 

To warn the driver when there is a vehicle 

in the blind spot of the side view mirror 

Short/medium 

range radar 

Rear cross traffic 

alert 

To avoid collision with objects behind the 

vehicle when reversing out of a parking 

space 

Short/medium 

range radar 

Intelligent 

headlamp control 

To change the high and low light of the 

vehicle by considering the oncoming 

vehicle and travelling ahead vehicle into 

account 

Camera 

Lane departure 

warning 

To alert the driver with an acoustical or 

haptic warning before his vehicle is about 

to leave the lane 

Camera 

Road departure 

protection 

To apply the brake and steer the vehicle 

back on the road to avoid off-road 

accidents 

Camera 

Mirror 

replacement 

To replace the side view mirror and rear 

view mirror into cameras to improve 

safety, efficiency and comfort. 

Camera 

GPS navigation 
To provide vocal direction and live traffic 

data 

Gyroscope, 

accelerometer 

Hill descent 

control 

To slow down the vehicle by activating the 

braking system to slow down the vehicle 

and facilitate safe travel down a steep hill 

Pressure sensor, 

accelerometer 

Driver drowsiness 

detection 

To monitor the driver’s eyes and face for a 

sign of drowsiness and send an alert the 

driver when drowsiness is detected 

Camera 

Pedestrian 

detection 

To detect pedestrian on the road and avoid 

the collision 
Camera, LIDAR 



 

4 

 

VRUs detection using cameras is increasingly important to reduce fatalities on 

the road. An overview of on-board VRUs detection system is showed in Fig. 1.3. First, 

an on-board camera captures the road scene as an input for a micro-computer 

processing unit. The processing unit converts a road image into a matrix form as the 

input for a computer vision algorithm known as a deep neural network (DNN). DNN 

is an artificial neural network (ANN) that contains more than two hidden layers in its 

architecture [8]. DNN mimics human brain recognition function in terms of a 

mathematical expression to solve complex real-world applications [9]. In VRUs 

detection, DNN extracts the pertinent features automatically from the raw images and 

classify them into VRUs or non-VRUs. If VRUs are detected, the micro-computer 

delivers an output in terms of a warning signal or sound through the audio-visual 

system in the vehicle. Automated control action will be taken over by the system if 

necessary. Therefore, this research focuses on the structure investigation and analysis 

of a new architecture of DNN to detect VRUs. A simple multilayer fully connected 

neural network (FCN) is developed as the baseline of this research to investigate the 

problems of the network needed to be improved. However, designing a VRUs 

detection system possesses many challenging issues, which are highlighted in the 

problem statement section. 

 

 

Figure 1.3: Block diagram of the on-board vision system. 

Convert into 
matrix formImage

• Extract 
features

• classification

Deep 
neural 

network

• VRUs

• Non-VRUs
Output
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1.2 Problem Statement 

In recent years, VRUs detection is a key technology in a wide variety of 

applications such as video surveillance, robotics, and automotive safety. It uses a 

standalone camera associated with on-board computer vision algorithm to detect 

VRUs from a possible collision on the road ahead. The main technical challenge in the 

VRUs detection system is the rapid change of visual information obtained from a 

moving camera. Fast changing unconstrained outdoor conditions has increased the 

complexity of designing a VRUs detection system.  

  

 

Figure 1.4: VRUs in different road scene. [10](a) Pedestrians carried different objects 

(b) Pedestrians with different walking poses (c) Partially occluded 

pedestrians (d) Lighting condition of the environment (e) Complex outdoor 

environment (f) Colour of the pedestrian and vehicle are the same. 

The challenges to design a VRUs detection pipeline are summarized as follows: 

1. High variability in appearance among VRUs increases the difficulties of VRUs 

detection as shown in Fig. 1.4 (a) and (b). They exhibit high variability due to 

their changing poses, personal fashion, different objects carrying and different 

individual size. 

2. VRUs can be appeared on the road at every possible corner in the road scene 

due to their size and flexibility as compared to civic structures by the roadside. 

They may suddenly emerge behind a vehicle or next to a building without a 

further indication. Therefore, Fig. 1.4(c) shows VRUs partially or fully 

occluded by obstacles such as vehicles, signboards, buildings and other 

roadside objects, which are challenging to be detected using DNN algorithm. 

(a) (b) (c) 

(d) (e) (f) 
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3. Variation of weather conditions such as cloudy day, raining day or sunny day 

incorporated with various human activities increases the difficulty of VRUs 

detection as shown in Fig. 1.4(d). The uncontrolled outdoor conditions such as 

shadows, may affect the images clarity and hence it decreases the accuracy of 

VRUs detection system.  

4. Fast responding time for a real-time VRUs processing pipeline is required to 

quickly identify and localize a human object before a collision. Implementation 

of VRUs processing pipeline using DNN algorithm possesses great challenges 

in hardware processing and algorithm design. The design of DNN in detecting 

pedestrian must be light-weight and simple structure for real-time applications. 

5. The development of VRUs detection system is dependent on the visual 

information recorded from a moving camera in a vehicle. Hence, the moving 

camera with rapid change of background scenes increases the complexity of 

VRUs detection and background segmentation. Fig. 1.4(e) shows the complex 

outdoor environment with pedestrians camouflaged in the background. Fig. 

1.4(f) shows the similar appearance of a pedestrian standing next to a vehicle. 

Consequently, it is difficult to spot the pedestrian acquiring the same colour 

density as the vehicle or background. 

In short, VRUs detection system requires an efficient and high flexibility of 

computer algorithm that can extract pertinent information from raw images to deal 

with high variability of VRUs appearance and complex outdoor conditions. Fig. 1.5 

illustrated the current typical VRUs detection algorithm pipeline which relies on 

isolated feature extraction method to enhance the performance. However, developing 

feature extraction method is task-oriented and statistical-driven approach, which is not 

flexible for large variance of object samples.  On the other hand, the use of DNN can 

learn the features from the data using learnable parameters. Hence, DNN is proposed 

in VRUs detection system as one of efficient algorithms to retrieve multi variants of 

objects using trainable features. Several objectives and contributions of this research 

are described in the next sections. 

 

 

Figure 1.5: Current VRUs detection algorithm  
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1.3 Objective  

The main goal of this research is to design a computer vision pipeline for 

vulnerable road user detection at arbitrary road scenarios using DNN algorithm. It can 

be further divided into three sub-objectives as follows, 

1. To develop a deep fully connected network model as a baseline and investigate 

the relationship between the activation function and network performance.    

2. To design a new DNN framework for single pipeline in VRUs detection. 

3. To validate the detection performance of the new model using benchmark 

pedestrian datasets.  

1.4 Contribution 

The main contributions of this research are documented in detail in every 

chapters of the thesis. In chapter 3, a specific randomization technique is found to 

generalize the training process of DNN. This randomization technique is then applied 

in all classification experiments as the baseline in this research. Besides that, two types 

of deep neural network are implemented for the study of activation functions. Fig. 1.6 

shows the component of activation functions used in the neurons of deep neural 

network. Deep belief network (DBN) is implemented to evaluate the saturated type of 

activation functions. Deep feedforward network (DFN) is implemented to evaluate 

unsaturated activation function and adaptive activation function. The main difference 

between these DNNs is that the requirement of extra pre-training process in DBN. The 

pre-training algorithm is used to eliminate the vanishing gradient problem occurred in 

saturated type of activation functions.  

 

Figure 1.6: Activation function in deep neural network. 
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In chapter 4, a new framework of deep neural network (DNN) known as 

convolution deep feedforward network (C-DFN) is proposed to improve the detection 

rate. As demonstrated in Fig. 1.7, C-DFN uses a convolutional layer as a trainable 

feature extractor and four layers of standard DFN as a classifier. In addition, the 

performance of C-DFN is further investigated and compared with another network 

architectures such as DFN, DBN, and C-DBN. The overall test results show that the 

C-DFN outperformed the other types of networks. Besides, C-DFN with trainable 

activation function can gain better generalization and flexibility to solve the given 

classification tasks.  

 

 

Figure 1.7: C-DFN structure. 

In chapter 5, the novel learning algorithm known as C-DFN is implemented for 

VRUs detection task as shown in Fig. 1.8. C-DFN is further modified into C-DFN 

holistic VRUs detection, stacked C-DFN holistic VRUs detection, and stacked C-DFN 

part-based VRUs detection. These new frameworks are evaluated using benchmark 

Caltech pedestrian dataset. The experimental results show that the stacked C-DFN 

part-based VRUs detection system can detect medium scale VRUs even if the image 

resolution is low. Part-based C-DFN detects lower and upper part of a body to cast a 

vote in DNN to determine a human region when the human is occluded in the scene. 

 

Figure 1.8: Proposed new VRUs detection algorithm. 

1.5 Significance 

Four significant contributions of the research are documented and highlighted 

in this thesis. First, the importance of dataset randomization with related to the training 
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process of DNN is explored to efficiently optimize the learning parameters in the 

network. The findings on this randomization techniques of input data can make a 

significant performance improvement to the network training. The randomness of the 

input data generalizes the DNN to learn meaningful features from the raw data through 

shuffling the input data. Based on the experimental result and findings, the 

randomization shall be applied to the overall training set and subsequently, this 

shuffled data is segmented into multiple mini batches of dataset. During the training 

phase, these mini batches are iteratively inserted to the network for parameter 

optimization. With every mini batch not having an equal number of input samples for 

each class, this randomization technique can generalize the training process in the 

stochastic manner.  

Besides that, there is a need to include pre-training process if using saturated 

activation functions such as hyperbolic tangent function to eliminate the vanishing 

gradient problem during the network training process. The problem of vanishing 

gradient may cause the slowness of training process due to a small gradient element 

being backpropagated in the layers to update weights. In addition, this pre-training 

process is an extra mechanism if we can use only fine tuning process at one goal to 

update the weights. As a result, this problem can be mitigated by adding two trainable 

parameters into the hyperbolic tangent function and this trainable function is known 

as an adaptive tanh activation function. With the modification, the training phase can 

be completed without pre-training process and the vanishing gradient issue can be 

eliminated due to the adaptive capability of the activation functions. 

To improve the feature learning in the neural network, a new framework known 

as convolutional deep feedforward network (C-DFN) is proposed to improve network 

performance. C-DFN uses a convolutional layer as a trainable feature extractor and 

four layers of standard DFN is connected as a classifier. The overall test results show 

that the C-DFN can outperform other variants of network architectures such as DFN, 

DBN, and C-DBN. Besides that, the C-DFN incorporated with trainable activation 

function can gain better generalization and flexibility to solve the given classification 

tasks.  

 Lastly, a single pipeline of VRUs detection system is proposed to deal with the 

VRUs variability and complex background. C-DFN utilizes the trainable feature 



 

10 

 

mechanism of DNN to reduce the process of VRUs detection system. By contrast, 

traditional VRUs detection system requires to do image processing on the input image 

and then utilizes hand-engineered feature detector to extract the important features in 

the image. C-DFN has a simple architecture as compared to the other types of DNN 

architecture. It can be easily to train and to be modified into a specific task-oriented 

applications. For VRUs detection application, C-DFN is modified into stacked C-DFN 

holistic VRUs detection model and stacked C-DFN part-based VRUs detection model. 

Stacked C-DFN does not required to retrain the whole architecture, therefore, it 

simplifies the process of training as compared to a complex DNN architecture.  

1.6 Thesis Layout 

This thesis provides a detailed study and development on deep neural networks 

for VRUs detection and evaluation. The structure of the thesis can be outlined into five 

chapters as follows: 

Chapter 2: Literature Review  

The previous work and state-of-the-art in vulnerable road user detection by 

using the monocular camera is discussed. It is further divided into three sections: 

holistic approach, part-based approach and deep learning approach. The research gap 

of the existing approaches is discussed at the end of the chapter. 

Chapter 3: Activation functions in a Deep Feedfoward Network 

The existing activation functions such as sigmoid, hyperbolic tangent (tanh), 

multistate activation function (MSAF), rectified linear unit (ReLU), leaky ReLU 

(ReLU), PReLU, and exponential unit (ELU) are implemented into the DFN. The 

relationship between the activation function and network performance is analysed and 

discussed in the experimental section.  

Chapter 4: Convolutional Deep Feedforward Network 

A detail description for developing convolutional layer (CL), max-pooling 

operation (PL), fully connected layer (FL) and their backpropagation training process 

are described in this chapter. Experiments are carried out to analyse and compare the 

misclassification rate of CL and FL. Experimental results based on MNIST dataset, 

INRIA person dataset and Daimler pedestrian classification dataset will be discussed.  
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Chapter 5: Vulnerable Road Users Detection 

The proposed framework C-DFN is implemented into VRUs detection task.  

Detection dataset pre-processing, network training and testing process are discussed 

in detail in this chapter. C-DFN is further modified into holistic C-DFN, holistic 

stacked C-DFN and part-based C-DFN. The network performance is evaluated using 

the benchmark Caltech pedestrian dataset.   

Chapter 6: Conclusion and Future Work 

A summary of every chapter is drawn in this chapter to highlight the research 

contributions and significance of analysing results. The advantages and limitation of 

the proposed VRUs detection model are pinpointed with future improvement.   
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Chapter 2  Literature Review 

2.1 Introduction 

The research of vulnerable road users (VRUs) detection system has received 

increasing attention in recent years due to increasing demands in practical application, 

such as a smart surveillance system and on-board driving assistance system. A 

comprehensive review of the state-of-the-art in pedestrian detection system covers 

from the year 2009 until 2018 as reviewed in this chapter. The literature review mainly 

focuses on the computer vision algorithms related to using an optical camera. The 

general flow of detecting VRUs using a computer algorithm is shown in Fig. 2.1. 

Majority of the computer algorithm for VRUs detection systems use this processing 

pipeline order: (a) foreground segmentation, (b) classification (c) VRUs detection (d) 

tracking. Foreground segmentation is used to extract the region of interest (ROI) from 

the raw images captured by a camera. It extracts the possible candidates from the raw 

images and removes the background regions (e.g. sky, roads, and buildings).  

 

Figure 2.1: VRUs detection process in computer algorithm. 

Sliding window method [11-13] is the simplest ROI selection procedure that 

can scan input image horizontally and vertically using bounding box shifting by a 

stride in classification. However, this method has two main disadvantages: 1) It slows 

down the classifier processing speed due to a large number of candidates are detected 

and 2) there are many irrelevant background regions such as sky and building in the 

scenes are included which would increase the potential number of false positive. 

Therefore, other methods are proposed to do the foreground segmentation such as 

those based on inter-frame motion and optical flow or based on the colour and gradient 

information to do ROI selection.  

After that, the generated candidates are fed into a classifier to classify them as 

VRUs or non-VRUs. Feature extraction methods are applied to reduce the input 

dimension before input to the machine learning classifier. Histogram of Oriented 

Gradient (HoG) and Haar wavelet are the prevalent methods for feature extraction. 
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There are two types of classifier i.e. shallow learning classifier and deep learning 

classifier. Shallow learning classifiers such as Support Vector Machine (SVM) and 

AdaBoost consist only one hidden layer in its architecture. Shallow learning classifier 

can offer good classification result with simple architecture model [14]. However, it 

relies heavily on good feature extraction method to extract important information on 

the raw data [15]. Deep learning classifiers such as Convolutional neural network and 

deep belief network comprises of more than one hidden layer in its architecture. Deep 

learning classifier can learn to extract important information from the raw data 

automatically throughout the training process of the classifier [15].  

Next, a tracking method is subsequently used to avoid false detection over time 

and predict the pedestrians moving direction. Kalman filter [14] and Particle filter [16] 

are the prevalent methods for tracking VRUs over time to deal with a high variety of 

multiple postures. If VRUs is detected, the computer system will send an output in 

terms of a warning signal or sound through the audio-visual system in the vehicle to 

alert the driver. This chapter begins with the general overview of VRUs detection 

process in a computer algorithm and followed by a brief introduction on benchmark 

datasets and the detection performance evaluation method. The state-of-the-art of 

VRUs detection system is then divided into three general approaches, i.e. holistic 

approach in section 2.2, part-based approach in section 2.3, and deep learning approach 

in section 2.4. After that, the research gap of the research will be discussed, and a 

summary will be concluded in the end of the chapter.  

2.2 Benchmark Dataset 

Public benchmark dataset for pedestrian has been published for performance 

evaluation over the years. These benchmark datasets are used for the researcher to do 

a comparison to other state-of-the-art proposals. Therefore, the new proposed 

algorithm can compare its performance with the benchmark databases using the same 

evaluation criteria. Four VRUs benchmark datasets i.e. INRIA [17], Daimler [18], 

Caltech [10], and TUD-Brussels [19] were discussed along with the evaluation metrics 

for pedestrian detection.  

2.2.1 INRIA Person Dataset 

INRIA [17] is the oldest benchmark pedestrian dataset among the others and 

has comparatively fewer images. The dataset is divided into two formats: a) original 
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images with corresponding annotation files, and b) normalized images which further 

divided into three image size: 64×128, 96×160 and 70×134 pixels. The positive 

training set contained 1208 image and the test set contained 566. The negative training 

set contained 1218 images and the negative test set 453 images. They included indoors, 

outdoor, city, mountain, and beach scenes. Some images also focused on cars, bicycles, 

and motorbikes as shown in Fig.2.2. This dataset is commonly used for training the 

classifier due to it high-quality annotations of pedestrians in a diverse scene.  

 

 

Figure 2.2: INRIA’s positive and negative samples. [17] 

 

2.2.2 Daimler Pedestrian Dataset 

Daimler pedestrian classification dataset [20] is a pedestrian dataset provided 

by University of Amsterdam. The pedestrian data are observed from the on-board 

vehicle camera in mono, stereo and multi-cue. This dataset consisted of two parts, i.e. 

a) the base dataset and, b) additional non-pedestrian images. Base dataset contained 

4000 pedestrian and 5000 non-pedestrian images which are sampled out from video. 

These images are subsequently scaled to the common size with a resolution of 18×36 

pixels. From these image samples, pedestrian and non-pedestrian images were cropped 

and labelled manually using rectangular box. Video images were recorded at various 

(day) times and locations with no constraints on pedestrian pose or clothing, except 

that pedestrians were standing in upright position and were fully visible. As for non-

pedestrian images, patterns representative of not containing pedestrians within a 

pedestrian classification steps were retrieved from known video images that have not 

to contain any pedestrians.  On the other hand, an additional collection of 1200 images 
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not containing any pedestrians were included in the second part of the dataset. Fig.2.3 

showed the sample images from Daimler dataset.  

 

Figure 2.3: Daimler pedestrian classification dataset positive and negative samples. 

[20] 

2.2.3 Caltech Pedestrian Detection Dataset 

Caltech pedestrian dataset [10] is a benchmark pedestrian data provided by 

California Institute of Technology. It consists of approximately 10 hours of road scene 

video taken from an on-board camera in a vehicle driving through regular traffic in an 

urban environment. The video resolution is 640×480 in 30Hz capturing rate. It consists 

of six sets of training sample and each set of training sample contained of 6 to 13 one-

minute long videos along with all annotation information. On the other hand, it also 

consists of five sets of testing data and each testing set contained 6 to 13 one-minute 

long videos along with annotation information. Fig.2.4 showed the sample images 

from Caltech dataset. 

   

   

Figure 2.4: Example image in the Caltech pedestrian dataset. [10] 
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2.2.4 TUD-Brussels 

This dataset is divided into training set and test sets which named as TUD-

MotionPairs and TUD-Brussels respectively [19]. TUD-MotionPairs was recorded 

from a handheld camera at a resolution 720×675 pixels in a crowded area as shown in 

Fig. 2.5.  It consists of 1092 positive images, 1776 annotated VRUs and 192 negative 

images. TUD-Brussels was recorded from a moving car in the city of Brussels. It 

contains 508 images with a resolution 640×480 and 1326 annotated VRUs. Table 2.1 

showed a summary of the benchmark dataset. 

Table 2.1: Comparison of pedestrian detection dataset. 

Dataset 
Publication 

year 

Imaging 

setup 

Colour 

image 

Training Testing 

Positive 

image 

Negative 

image 

Positive 

image 

Negative 

image 

INRIA 2005 photo √ 1208 1218 566 453 

TUD-

Brussels 

2009 video √ 1092 192 - 508 

Diamler-

DB 

2009 video × 4k 5k - 21.8k 

Caltech 2009 video √ 61k 67k 56k 65k 

 

Figure 2.5: Positive samples and optical flow field of TUD-MotionPairs. [19] 

 

2.2.5 Evaluation Metrics 

As referring to the benchmark datasets, most of the evaluation methodology 

are developed based on Pattern Analysis, Statistical Modelling, and Computational 

Learning (PASCAL) criteria [21]. This PASCAL criteria is a standard image dataset 
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evaluation to analysis the accuracy of detectors to the ground truth comparison. A 

detection system takes a single frame of video as input and returns a bounding box 

(BB) and a score for each detection. 

𝑎𝑜 ≐
𝑎𝑟𝑒𝑎 (𝐵𝐵𝑑𝑡 ∩ 𝐵𝐵𝑔𝑡)

𝑎𝑟𝑒𝑎(𝐵𝐵𝑑𝑡 ∪ 𝐵𝐵𝑔𝑡)
> 0.5 (2.1) 

where a detected Bounding Box (BBdt) and ground truth Bounding Box (BBgt). 

Pedestrian is detected if the interaction area and union area of the two BB exceeds 

50%. There are four types of BBs that set to ignore as follows:  

1) The height of BB is under 20 pixels high  

2) BBs truncated by image boundaries  

3) BBs labelled as “Person?”  

4) BBs labelled as “People”. 

 BBdt falls in these regions will not affect detection system performance evaluation. 

𝑎𝑜 =
𝑎𝑟𝑒𝑎 (𝐵𝐵𝑑𝑡 ∩ 𝐵𝐵𝑖𝑔)

𝑎𝑟𝑒𝑎(𝐵𝐵𝑑𝑡)
 (2.2) 

However, BBdt that matches to BBig will not be counted as true positives and 

BBdt that is not matched to BBig will not be counted as false negatives. To further 

evaluate detectors performance, miss rate against false positives per image (FPPI) (log-

log plots) is computed and plotted to compare the performance of detectors.  The 

notation used for this evaluation can be displayed as follows, 

1) BBdt – bounding box output by a computer algorithm 

2) BBgt – bounding box provided by dataset 

3) BBig – bounding box that set to be ignored during the performance evaluation.  

4) True positive – BBdt  matched with BBgt 

5) False positive – BBdt  unmatched with BBgt 

6) False negative– BBgt  matched with BBdt 

The miss rate calculation as shown in Eq. (2.3) provided a measure of how well 

the detection system correctly rejects false positives. 
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𝑀𝑖𝑠𝑠 𝑟𝑎𝑡𝑒 =
𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

(2.3) 

Subsequently, detection rate is a measure of the percentage of true targets that was 

detected in the system as demonstrated in Eq. (2.4). 

𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

(2.4) 

The false positive per image (FPPI) measured the count of the number of the bounding 

box output with the unmatched ground truth data as follows, 

𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑝𝑒𝑟 𝑖𝑚𝑎𝑔𝑒

= 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 BB 𝑑𝑡  unmatched with BB𝑔𝑡  
(2.5) 

2.3 Holistic Approach  

Holistic approach detects VRUs by extracting whole candidates using a feature 

detection method as shown in Fig. 2.6. The extracted features were verified using a 

classifier to detect possible candidates. Feature detection method such as Histogram 

of oriented gradient (HoG) feature [17], Haar-like features [22], and SIFT [23] had 

been widely used to extract the overall shape of VRUs from the raw images captured 

by the camera before input the information into a classifier. Maji et al. [24] improved 

HoG VRUs detector by introducing a multiscale HoG and used intersection kernel 

SVMs for VRUs detection. Sabzmeydani and Mori [13] introduced the shapelet feature 

to extract mid-level shape features to enhance the detection system. Other than using 

gradient orientation of the image pixels, other information provided by the raw images 

such as colour [25], texture [26], and motion [27] were utilized to detect VRUs. Wojek 

and Schiele [28] showed that a combination of multiple features was able to improve 

the detection rate. Viola and Jones [22] were the first to combine appearance and 

motion information to detect VRUs. Lee et al. [29] combined HoG feature extraction 

method and motion detection to classify a detected motion as a VRUs or non-VRUs.  

Schwartz et al. [30] utilized shape, texture and colour information and introduced 

a feature extraction method known as Partial Least Squares to reduce the 

dimensionality of the feature space.  Hariyono and Jo [31] introduced an optical flow 

method to segment out moving objects from a static background. After that, HoG and  
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Figure 2.6: General idea of holistic approach. 

SVM were used to extract features and perform classification. Liu et al. [32] 

introduced a new type of feature detection method known as multi-feature descriptor 

(MFD). They combined Optimal HoG, Local Binary Patterns (LBP) and Colour self-

similarity in neighbour (NCSS) features to form MFD. MFD detects VRUs by utilizing 

gradient, texture and colour information. In addition, MFD with cascaded classifiers 

i.e. Adaboost rejecters and SVM classifier improved the speed and accuracy of the 

detection performance in INRIA dataset. 

Dollar et al. [25] improved the computation of local sum in feature detection 

methods by using an image processing method known as integral image. Dollar et al. 

[33] re-implemented detector [25] with a focus on low-level features optimization. 

They shorten the computational time around 5-10 times of the original detector [25] 

using multiscale gradient histogram approximation. Nam et al. [34] improved VRUs 

detection performance by introducing macro feature layout selection to improve the 

localization of the VRUs. Dollar et al. [35] introduced a new type of feature extraction 

method known as feature mining to discover pertinent features automatically. Dollar 

et al. [36] had made a great contribution by introducing a fast and accurate feature 

detector known as the aggregate channel feature (ACF). They improved the accuracy 

of the detector by computing feature at octave-spaced scale intervals instead of 

approximate features on a finely sampled pyramid. However, this method is only 

applicable to static images.  

Benenson et al. [37] investigated different factors affected the performance of 

integral channel features detectors family. They improved integral channel features by 

combining HoG, colour features, multi scales technique and global normalization 

 
Input Feature Extraction Classification 



 

20 

 

named as Roerei detector. It successfully outperformed other detectors including non-

linear SVMs, deformable part-based model and also deep learning architectures.  

Zhang et al. [38] investigated on the newly developed feature extraction method such 

as SquaresChntrs [37], InformedFilters [39], locally decorrelated channel feature 

(LDCF) [40] to identify the effect of selecting different filter and its detection 

performance. They introduced a modified version of InformedFilters named 

checkerboards and combined with SDt [27] named it as “all-in-one”. By adding optical 

flow on the “all-in-one” method, they successfully reduced the miss detection rate to 

17.1% on Caltech pedestrian dataset.  

Zhang et al. [41] found that the precision of current detectors could be improved by a 

centre-surround contrast features for VRUs detection which motivated by human 

vision mechanism. This work achieved 15.90% of miss detection rate on INRIA 

dataset and 34.96% of miss detection rate on Caltech dataset. Ding and Xiao [42] 

designed a multiscale context feature by combining the local window with 

neighbourhood windows. They introduced contextual boost classifier to exploit the 

response in the local neighbourhood across multiple scales. They reduced FPPI in 

Caltech dataset from 50% to 48%. Costea and Nedevschi [43] introduced a detector 

which does not require image resizing and using only one classifier for all sliding 

window scales. They used a high-level feature known as Word Channels inspired from 

codebook with the advantage of scale independent behaviour of the normalized feature. 

Other than creating new feature detection method, another interesting method 

was using multiple classifiers concatenate together to build a faster and more accurate 

detector. Viola and Jones [22] introduced “Integral Image” for fast computation and 

cascaded AdaBoost to improve the detector accuracy. Dollar et al. [44] implemented 

detector [33] and introduced crosstalk cascade which allows neighbour detector to 

communicate and shorten the computational time. Leithy et al. [45] cascaded Haar 

based classifier, Co-occurrence HoG (Co-HoG), and SVM classifier to improve the 

speed and accuracy detection system for static images. Co-HoG is able to extract 

features from multi-scale shape information. However, it required high computational 

time due to its high dimensional pattern descriptor. Therefore, they overcome this 

problem by using independent component analysis (ICA). The detector was evaluated 

in INRIA and Daimler Chrysler benchmark dataset. The experimental result showed 
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Table 2.2: Holistic approach summary 

in INRIA and Daimler Chrysler benchmark dataset. The experimental result showed 

that the detector can reduce 0.001% computational time if compared to using a Co-

HoG pattern descriptor alone.  

Wang et at. [53] cascaded AdaBoost detector and random vector functional-

link net to reduce the false positive per frame rate in VRUs detection. Cascade 

classifier combined different classifier advantages to improve classification results. Ke 

et al. [54] enhanced ACF by introducing principal component analysis filter based 

convolutional channel features (PCA-CFF). It cascaded with Adaboost classifier and 

reduced miss detection rate to 14.24% on INRIA person dataset. Guo et al. [55] 

adopted a two-stage holistic detection system comprising of cascaded AdaBoost to 

generate the region of interest from input images in the first stage. In the second stage, 

VRUs detector Miss rate % Feature types Dataset 

VJ [22] 94.73 Haar INRIA 

Shapelet [13] 91.37 Gradients INRIA 

PoseInv [11] 86.32 HoG INRIA 

FtrMine [35] 74.42 HoG+Colour INRIA 

HikSvm[46] 73.39 HoG INRIA  

HoG [17] 68.46 HoG INRIA 

MultiFtr [28] 68.26 HoG+Haar INRIA 

Pls [47] 62.10 HoG +Colour frequency  INRIA 

MLS [34] 61.03 HoG INRIA 

MultiFtr+CSS [48] 60.89 HoGF+CSS TUD 

pAUCBoost [49] 59.66 HoG+COV INRIA 

FPDW [33] 57.40 HoG+LUV INRIA 

ChnFtrs [25] 56.34 HoG+LUV INRIA 

Crosstalk [44] 53.88 HoG+LUV INRIA 

ACF [36] 51.36 HoG+LUV INRIA 

RandForest [50] 51.17 HoG+LBP INRIA + Caltech 

MultiFtr+Motion  50.88 Many+Flow TUD 

SquaresChnFtrs [37] 50.17 HoG+LUV INRIA 

MultiResC [51] 48.45 HoG Caltech 

Roerei [37] 48.35 HoG+LUV INRIA 

ACF-Caltech [36] 44.22 HoG+LUV Caltech 

MultiResC+2Ped  43.42 HoG Caltech 

WordChannels [43] 42.30 Many Caltech 

ACF+SDt [27] 37.34 ACF+Flow Caltech 

SquaresChnFtrs [37] 34.81 HoG+LUV Caltech 

InformedHaar [39] 34.60 HoG+LUV Caltech 

ACF-Caltech+ [36] 29.76 ACF Caltech 

SpatialPooling [52] 29.24 pAUC Caltech 

Spatial-Pooling+ [52] 21.89 pAUC Caltech 
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SVM classifier was used to determine the presence of VRUs in the region of interest. 

The experimental results showed that better performance was achieved with a two-

stage classification than a single classifier approach. Table 2.2 summarized the holistic 

approaches discussed in this section. The drawbacks of using a holistic approach in 

single or cascaded classifiers have highly relied on feature extraction method and the 

degraded performance due to complex background clutters and occlusion problems.  

2.4 Part-based Approach 

The part-based approach is a method used to overcome the complex 

background clutter and occlusion problems in the VRUs detection system. The general 

idea of a part-based approach is shown in Fig. 2.7. This approach treats VRUs as an 

assembly of a different body part. They run detection on individual body parts and 

then combine the detection results to achieve classification on the whole VRUs figure. 

It is segmented into several body parts based on standard body ratio: 16% for head and 

neck, 34% for the torso, and 50% for legs [56]. Each part of the candidate is delivered 

to an individual classifier to verify the candidate is a VRUs or not. There are two ways 

to make a decision based on the output of each classifier: (1) Majority vote, (2) 

regression output classification. Majority vote method uses the binary output to 

represent the detection result for each part of the body [57]. A VRU is detected if at 

least two out of three classifiers label the parts as VRUs [57]. Regression output 

classification uses one more classifier to label the parts for VRUs detection [17].  

Deformable part-based models (DPM) utilize the fact that the overall figure of 

the pedestrian might change, but each part of the VRUs (e.g. arm, leg) does not change 

significantly. DPM optimized the body part model holistically from the root (head) to 

terminals (hands and legs). DPM is often had better performance than simpler holistic 

models such as rigid templates using HoG feature detector [17]. Zhang et al. [58] 

handled the occlusion problem by learning spatial co-occurrence relations using a 

hierarchical co-occurrence model. They used latent SVM to generate visibility statuses 

and used the random forest as a classifier. They improved 5% of miss rate on three 

benchmark dataset, i.e. INRIA [17], ETH [59], Caltech dataset [10].  

Bar-Hillel et al. [60] extend further feature mining method [35] to detect 

partial occlusion VRUs. They introduced SVM predictive feature selection method to  
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Figure 2.7: General idea of part-based approach. [61] 

used the HoG to extract the shape boundaries of the VRUs and the shapes were 

segmented by probabilistic hierarchical part-template tree model. Kernel SVMs were 

used as classifiers to classify VRUs and non-VRUs. Wang et al. [26] combined HoG 

and LBP to tackle the partial occlusion problem. They used HoG feature response to 

find the occluded part of the image. Then, the occlusion likelihood map is segmented 

by mean shift-approach. Part-detectors were applied to the visible regions to achieve 

the final classification on the current window. Marin et al. [50] combined part-based 

model and a fast execution time classifier known as random forest classifier to detect 

VRUs. The part evaluation was replaced by the decision tree so it could be adapted to 

the different VRU viewpoint and body poses.  

Felzenszwalb et al. [12] solved the detecting and localizing VRUs by using a 

multiscale deformable part model. They introduced latent SVM to utilize the latent 

information for VRUs detection task. Ouyang and Wang [62] utilized a deformable 

part-based model (DPM) to extract the unique visual patterns illustrated in multiple 

nearby pedestrians effectively. This method decreased the miss detection rate on the 

benchmark Caltech dataset from 48% to 43%. Ouyang et al. [63] used Bayesian 

theorem to create a new probabilistic framework and a mixture of DPM to design a 

two pedestrians detector. This research reduced the misdetection rate from 37% to 32% 

on the benchmark Caltech dataset. Mittal et al. [14] utilized DPM to detect heavy 

occluded VRUs and reduced miss detection rate to 27.2%. The miss detection rate was 

further reduced to 17.7% by using a Kalman filter for tracking the candidates on 

benchmark Caltech dataset.  
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Li et al. [64] introduced a part-based detection approach by using HOG-SVM 

to create a hierarchical grammar model with the AND-OR graphical structure to 

represent the composition of pedestrians. The experimental results showed that this 

detection system could achieve stable detection performance in a complex traffic 

environment.  However, this is only applicable with high-resolution images. Yan et al. 

[65] also utilized DPM to jointly encode the similarity and the differences among the 

pedestrians with different resolutions. They tackled the problem of lower resolution 

that usually caused the significant drop of the VRUs detection system’s performance.  

Pedersoli et al. [66] introduced a hierarchical multi-resolution part-based 

model. They computed the HoG features at a different resolution to obtain a pyramid 

of HoGs. Then, they extended Coarse to fine (CtF) feature detection method into a 

deformable part-based model. Ctf feature detection refers to scanning the detected 

region in every layers of the pyramid of HoGs. This localization evaluation method 

saved computational time from scanning the whole image. Mathias et al. [67] 

improved integral channel feature (ChnFtrs) detector by using spatially biasing feature 

selection and 16 occlusions specific classifier to handle occlusion problem. ChnFtrs is 

a feature detection method uses integral image to extract important information from 

the image. Park et al. [51] introduced a multiresolution part-based model. They added 

ground plane estimation as a latent variable to be estimated for each frame of a video. 

It reduced the detection rate from 43% to 40%.  

Zhang et al. [68] designed a multimodal and multichannel Haar-like features to form 

a statistical pedestrian part-based model. The miss detection rate obtained by this 

research was 14.43% on INRIA dataset and 34.60% on Caltech dataset. Chen et al. 

[69] extended Contextual Boost [42] detector by introducing Multi-Order Contextual 

co-occurrence (MOCO) to the model high-level context using one classifier. They 

reduced the miss rate from 48% to 46% in Caltech dataset. Zhang et al. [39] designed 

a pool of rectangular templates that are tailored to this shape model and used Haar–

like features to describe local differences. This detector avoids exhaustive scan on the 

image thus reduces the dimensionality of the input data for classification. They 

reduced the Caltech dataset miss rate to 34.60% and 14.43% on INRIA dataset. 

Chen et al. [70] used SIFT to obtain feature matrix from a sliding window. 

They used multiple mapping vectors to project the original feature matrix into different 
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Table 2.3 : Part-based approach summary 

VRUs detector Miss rate % Feature types Dataset 

LatSVM-v1 [12] 79.78 HoG Pascal 

HoGLBP [26] 67.77 HoG+LBP INRIA 

AFS+Geo [71] 66.76 Custom (AFS) INRIA 

AFS [71] 65.38 Custom (AFS) INRIA 

LatSVM-V2 [72] 63.26 HoG INRIA 

FeatSynth [60] 60.16 Custom INRIA 

Zhang et al. [58] 60.0 HoG Caltech 

RandForest−HOGLBP−CGP [50] 51.0 HoG-LBP Caltech 

Franken [67] 48.68 HoG+LUV INRIA 

MF+Motion+2Ped [73] 46.44 Many+Flow INRIA 

MOCO [69] 45.53 HoG+LBP Caltech 

MT-DPM [65] 40.54 HoG Caltech 

MT-DPM+Context [65] 37.64 HoG Caltech 

Zhang et al. [68] 34.60 Haar-like features Caltech 

ACF+SDt+2Ped [63] 32.0 HoG Caltech 

MultiresC [51] 28.9 HoG Caltech 

mask spaces and used MI-SVM to perform classification. Enzweiler et al. [74] 

introduced a mixture-of-experts framework to classify partially occluded VRUs. They 

trained a set of component-based expert classifiers on features derived from the 

intensity, depth, and motion. Occlusion problem was solved by computing expert 

weights based on visibility estimation from depth and motion information. The expert 

weights were the trained weights from different component-based classifiers.  

As a conclusion, DPM could detect pedestrians by finding each part of the 

VRUs model individually and combining them. However, it requires high-resolution 

images to achieve satisfactory detection performance. The part-based approaches 

summarized in Table 2.3 demonstrated the classification task using shallow 

architecture such as SVM and AdaBoost. The limitation of shallow architecture is that 

it does not have good data generalization in all dataset or nature scenes in the real-

world applications. Therefore, more research activities were explored towards the 

feature extraction methods to improve the detection performance. In the following 

section, the combination of the part-based model and deep learning approach are 

discussed.  

2.5 Deep Learning Approach 

Deep learning approach as shown in Fig. 2.8 combined the part-based approach 

that performs well in detecting occluded pedestrians and a multi-layer classifier (i.e. 
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deep learning model) to detect VRUs. Ouyang and Wang [75] utilized a probabilistic 

detection method together with DPM. Ouyang et al. [76] introduced a mutual visibility 

deep model that jointly estimated the overlapping pedestrian. They verified the 

visibility of a part multiple times at different layers of the deep model and improve the 

accuracy of the detector. Deep model learned the visibility relationship between the 

pedestrians to detect the overlapped pedestrian. This mutual visibility deep model 

reduced miss detection rate to 48% in Caltech dataset. 

 

Figure 2.8: Example of deep learning approach. 

Zeng et al. [77] utilized an unsupervised pre-training method to avoid the 

overfitting problem. This method reduced the miss detection rate to 45% on Caltech 

dataset. Ouyang et. al. [61] used a deep convolutional neural network to jointly learn 

the pedestrian detection processing stage and to establish an automatically mutual 

interaction between all stages. This method reduced the miss detection rate to 39% on 

Caltech dataset. Sermanet et al. [78] used convolutional sparse coding to obtain 

multistage features instead of using hand-engineered features detection method. Luo 

et al. [79] enhanced convolutional neural network (CNN) by introducing a switchable 

restricted Boltzmann machine (SRBM) to model the mixture of body parts and 

hierarchical feature representation. It reduced the miss detection rate to 37.87% on 

Caltech dataset. 

Angelova et al. [80] modified  Krizhevshy et al. object detector [81] to form a 

new framework known as a large field of view deep network (LFOV). They cascaded 

their deep network with a CNN to speed up the run time to 280 ms per image on the 

graphical processing unit (GPU). This research reduced the miss detection rate to 35.85% 

on Caltech dataset. Wang and Zhang [82] combined a modified integral channel 
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features with a CNN and introduced a boost-like structure in the CNN to improve the 

detection structure stability and convergence speed. This research achieved 35.51% of 

miss detection rate on Caltech dataset. Benenson et al. [83] combined SquaresChnFtrs, 

DCT, SDt, and 2Ped detector and renamed it as Katamari-v1 reduced Caltech dataset 

miss rate to 22.49%.  

Hosang et al. [84] showed the effectiveness of the CNN framework in VRUs 

detection. They analysed small and big CNNs, their architectural choices, parameters, 

and the influence of different training data, including pretraining on surrogate tasks 

through a wide range of experiments. Girshick et at. [85] used an unsupervised method 

based on convolutional sparse coding to pretrain CNN for VRUs detection. Tian et al. 

[86] introduced a deep model that consists of extensive part detectors. However, VRUs 

detector based on CNN is known to be very slow.  They need multiple GPUs run in 

parallel to shorten the computational time.  

Tian et al. [87] introduced task-assistance CNN that jointly learned semantic 

tasks using multiple benchmark dataset. They utilized ACF [36] to extract hard 

negative samples and pruning the candidates’ window in the training stage. It reduced 

the miss detection rate to 20.86% on Caltech dataset. Liu et al. [85] introduced a 

spatially weighted max-pooling in the CNN to model high-level semantic features. 

This work reduced the miss detection rate to 12.82% on INRIA dataset, and 30.17% 

on TUD-Brussels dataset. Tome et al. [88] evaluated deep CNN (DCNN) i.e. AlexNet 

and GoogleLeNet and combined with different region proposal method i.e. HoG, ACF, 

LDCF, and selective search. LDCF with DCNN reduced miss rate to 19.9% with 

higher computational time. Therefore, they introduced a combination of ACF with 

DCNN (DeepPed) which is capable to archive real-time using a supercomputer with 

192-core NVIDIA Kepler graphical processing unit (GPU), NVIDIA quad-core ARM 

Cortes A15 central processing unit (CPU). However, they did not show the miss rate 

of this detector.  

Jung and Hong [89] used the AdaBoost algorithm i.e. ACF and ECF to extract 

proposal samples and using DCNN model VGG-16 network for VRUs detection. They 

introduced a guiding network which uses two fully connected networks to classify the 

ROI selected from DCNN. They reduced the miss rate to 7.95 % on Caltech dataset. 

Li et al. [90] combined Edge Boxes feature detector and Region-based CNN (RCNN) 
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to extract the region of interest (ROI) from the input image. They used a linear SVM 

as a classifier to identify the candidates in ROI. They reduced the miss rate to 23% on 

INRIA dataset. Jiang et al. [91] introduced share features across a group of CNNs 

corresponding to VRUs models of different scales. They detect VRUs using multiple 

scales on one layer of an image pyramid. They found that if using four detectors the 

miss rate on Caltech dataset is increased and the computational time can be increased 

when the number of the detectors is increased. Deep learning approach combined with 

the part-based model improved greatly on the VRUs detection problem. However, the 

existing works are largely dependent on the image processing and feature extraction 

method. The detection approaches are summarized in Table 2.4 and the research gap 

of the current VRUs detection approaches is discussed in the following section. 

Table 2.4: Deep learning approach summary 

VRUs detector Miss rate % Feature types Dataset 

ConvNet [90] 77.20 Pixels INRIA 

DBN-Isol [75] 53.14 HoG Caltech 

DBN-Mut [76] 48.22 HoG Caltech 

MultiSDP [77] 45.39 HoG + CSS Caltech 

JointDeep [61] 39.32 Colour + gradient Caltech 

SDN [79] 37.87 Colour + Sober edge detector Caltech 

BDL [82] 35.51 HOG+CSS Caltech 

AlexNet [84] 32.38 SquaresChnFtrs Caltech 

LDCF [40] 24.80 Custom (Modified ACF) Caltech 

Katamari-v1 [83] 22.49 HoG+Flow Caltech 

TA-CNN [87] 20.86 ACF Caltech 

DeepPed[88] 19.90 LDCF Caltech 

Checkerboards [38] 18.47 Custom  Caltech 

Jung and Hong [89] 17.97 ACF Caltech 

 

2.6 Research Gap 

The afore-mentioned VRUs detection approaches are still far from better 

accuracy with a simple processing pipeline. Most of the detectors are still rely on hand-

engineered features methods such as shape features, colour features and gradient 

features. VRUs detector based on shape feature is not applicable due to the variability 

of the shape of VRUs. It requires a large number of features that manually labelled at 

the training stage to cover all the possible poses and shape of VRUs. This is highly 

time-consuming and may be computationally intractable for real-world application. 

Majority of the VRUs detectors were relied on gradient information obtained using 
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HoG. The capability of the gradient information to represent richer image patterns is 

limited. In addition, such hand-engineered features are usually optimized only for 

certain tasks. Thus, they are hard to be adaptive to different tasks at hand. While low-

level features can be designed manually, higher-level features that can capture richer 

information are difficult to engineer. Therefore, more attention should be the focus on 

building higher-level features which are more adaptive and can provide 

complementary information to the manually designed features. 

Nowadays, researchers implemented deep architecture neural network into 

VRUs detection system to build higher-level features to improve the performance of 

VRUs detection system. However, most of the existing deep learning approach for 

VRUs detection still rely on hand-engineered feature detector to detect VRUs as shown 

in table 2.4. The main motivation of deep architecture neural network is to extract the 

pertinent information from the raw images captured by the camera. In addition, it 

learns the low-level features and high-level features automatically which is known as 

trainable feature mechanism. However, as shown in Table 2.2, it showed that the 

majority of the detection systems were using a hand-engineered feature detection 

method rather than a trainable feature mechanism to extract the pertinent information 

from the raw images.  

In a nutshell, VRUs detection has limitations on its detection pipeline using 

trainable feature mechanism. This research is aimed to develop a new framework of 

DNN that is able to detect the VRUs without using hand-engineered feature detection 

method. The advantages of using a trainable feature mechanism are better 

generalization in VRUs detection and high reliability of adaption towards wide range 

of the real-world application involving natural images and visual scenes. Therefore, a 

new framework of deep architecture neural network shall be proposed to handle 

various kinds of real-time road scenarios while retain good VRUs detection accuracy. 

2.7 Summary 

A comprehensive review of the existing VRUs detection approaches had been 

done in this chapter. It is divided into three categories: holistic approach, part-based 

approach, and deep learning approach. Holistic approach detects VRUs using a feature 

detector to search for a whole pedestrian in the raw input images. After that, the 

possible candidates are then put into the classifier to determine whether it is a VRUs 
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or not. The drawback of this approach is that it does not detect the VRUs when the 

VRUs is occluded. Part-based approach solved this problem by dividing the possible 

candidates into several body parts for classification. However, the part-based approach 

would not generalize well due to the limitation of shallow architecture neural network 

that uses as a classifier to detect VRUs. Therefore, a deep learning approach is 

introduced. Deep learning approach provides better generalization via deep 

architecture neural network with the combination of part-based approach. Deep 

architecture neural network can learn features from raw pixels; therefore, it is more 

robust to noise and copes well with the natural scene in real-world application. 

However, most of the deep learning approach in VRUs detection system were still 

using hard-engineered features such as HOG instead of using trainable feature 

mechanism to detect VRUs in the raw images. Therefore, this research is aimed to 

propose a new framework of deep architecture neural network to detect VRUs without 

using image pre-processing method and feature extraction method. In the next chapter, 

a simple deep fully connected network is developed as a baseline to understand the 

deep learning classifier behaviour. The relationship between the activation functions 

and the network performance is investigated and discussed in detail.  
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Chapter 3 Activation Functions in a Deep Feedforward 

Network 
 

3.1 Introduction 

Deep neural network (DNN) is a computer algorithm that mimics our human 

brain neural network to solve many real-world applications. DNN refers to more than 

one hidden layer artificial neural network (ANN). A multiple layer DNN can learn to 

detect important features automatically. Thus, DNN is robust to solve the complicated 

task such as object recognition [92], speech recognition [93] and voice analysis. DNN 

can be further divided into three categories: discriminative, generative, and hybrid 

architectures. Discriminative type is referred to a supervised learning algorithm which 

learned a statistical model for estimating an output if there is an existence of input 

image. Generative type of architecture is referred to un-supervised learning algorithm 

which learned a joint probability of data distribution. Hybrid type is the combination 

of generative and discriminative architectures. The goal of hybrid architecture is 

discriminative, but it is assisted with the outcomes of generative architectures.  

The training process of the DNN is challenging because of the vanishing 

gradient problem and the saturation problem of the activation function in the DNN 

[94]. Vanishing gradient problem causes DNN learns ineffectively when the gradient 

value is backpropagating through a hidden layer becomes smaller. This problem is 

mainly because of the saturation problem of the activation function in DNN. This 

problem occurs when the neurons reach near the “near-horizontal” part of the curve on 

either side, the error gradient becomes very small or “vanished” [94]. Therefore, the 

network refuses to learn further or is drastically slow during the training of the network. 

Various research is therefore developed to deal with the problem of vanishing gradient. 

Hinton [95] introduced a hybrid DNN known as Deep Belief Network (DBN) which 

using a greedy layer-wise pre-training algorithm to solve the vanishing gradient 

problem in DNN. This unsupervised pre-training algorithm successfully overcomes 

the vanishing gradient problem by initializing the weights parameter using a pre-

training process. 

Beside the weight’s parameter initialization, the activation function plays an 

important role in the DNN training process. Activation functions can be categorized 

into three groups, i.e. saturated activation function, unsaturated activation function and 
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adaptive activation function. Saturated activation function was the first type of decision 

boundaries used in DNN. A Sigmoid function is the default activation function used in 

ANN due to its bounded differentiable characteristic with the positive-valued output. 

The main disadvantage of the sigmoid function is the output value is not zero-centered 

and vanishing gradient problem. Cai et al. [96] introduced multistate activation function 

(MSAF) that had additional states on its activation function. Xu et al. [97] presented 

leaky hyperbolic tangent (tanh) activation function by adjusting the slope in negative 

region to solve the vanishing gradient problem.  

Unsaturated activation functions for instance rectified linear unit (ReLU) [98] 

does not have saturation problem and vanishing gradient problem during the DNN 

training process. In addition, it has no exponential terms in the activation function thus, 

it requires less computational time. The main drawback of ReLU is when the data falls 

into the negative region of ReLU, the DNN’s node cannot be re-activated during the 

training process [99]. Thus, it slows down the learning process of the DNN. Leaky 

ReLU (LReLU) is proposed to solve this problem by assigning a constant variable in 

the negative region of the ReLU [99]. Adaptive activation function such as parametric 

ReLU (PReLU) proposed by He et al. [8] adaptively changed the variable of the 

negative region in the ReLU according to the training algorithm. Jin et al. [100] 

introduced an adaptive piecewise linear activation function (APL) that used the 

piecewise linear functions to estimate any function during the training process. 

Goodfellow et al. [101] introduced maxout activation function to improve dropout 

regularization approach. The maxout activation function added the trainable parameters 

in its function to achieve better recognition rate. 

  Nair and Hinton [98] proposed an unsaturated activation function known as a 

ReLU to improve DBN performance and solved the vanishing gradient problem 

without using the pre-training algorithm. Unsaturated activation function also provides 

sparsity in the hidden unit of the network. Unsaturated activation function like ReLU 

deactivated some of the neurons in the hidden layer of the network to reduce excessive 

neurons, thus reduces the chance of overfitting on the training data. This breakthrough 

has enabled the era of deep learning in artificial intelligence society to solve many real-

world applications. Due to ReLU simplicity and effectiveness, it has become the default 

activation function in DNN. 
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This chapter compares and analyses the existing activation functions such as 

sigmoid, hyperbolic tangent, multistate activation function, ReLU, LReLU, PReLU, 

and exponential unit by implementing them into the deep feedforward network (DFN). 

This chapter is organized as follows: section 3.2 introduces different types of activation 

functions and the proposed activation function. In the next section, a series of 

randomization techniques are investigated which is required for the experiment setup 

in section 3.4. In section 3.5 the detail evaluations of activation functions are performed 

using MNIST dataset. Finally, a conclusion is drawn in the end of the chapter.  

 

3.2 Activation Functions 

A neural network is made up of a number of processing elements known as 

neurons shown in Fig. 3.1(a). Each neuron received inputs from external world or from 

the outputs of other neurons. The interconnections between the neurons are called 

synapses. The synapses have a processing value called weights. The dendrites attached 

with the neurons’ cell body act as input/output channels all input from other neurons 

activities through dendrites. If the internal electric potential of the cell raises, the 

neuron delivers a signal through axon to other neurons.  

 

Figure 3.1: (a) Biological neuron (b) Mathematical model of artificial neuron. 

(b) 

(a) 

Input Artificial neuron Output 
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      The mathematical model of the biological neuron is presented in Fig. 3.1(b). 

Each artificial neuron has an activation function to determine the firing rate of the 

neuron to activate. Moreover, it provides non-linearity property to the ANN and 

bounded the input data to a finite value [9]. In Eq. (3.1) the input data v is multiplied 

with weights w parameter and summed up with an additional bias, b. An activation 

function f is used to decide whether that specific artificial neuron is been activated. 

𝑦𝑖(𝒙) = 𝑓 (∑ 𝑤𝑗𝑖𝑣𝑖 + 𝑏𝑖

𝐷

𝑖=1

) (3.1) 

Activation function can be divided into two categories, i.e. saturated activation 

function and unsaturated activation function. Saturated activation function was 

common in use for decision boundaries since the ANN was introduced. There are two 

important features of the activation function in a DNN: (1) Activation function limits 

the amplitude range of the output signal to a finite value, (2) It provides non-linearity 

property to estimate any given task. Various types of activation function such as 

sigmoid, hyperbolic tangent, multistate activation function, rectified linear unit, and 

exponential unit is described in detail in the following section.  

3.2.1 Logistic function 

The logistic function is the most common activation function used in an ANN. 

It has a similar representation to a biological neuron’s firing rate [9]. Sigmoid function, 

f1 and hyperbolic tangent (tanh), f2 are the two types of logistic activation function 

variants. Logistic function is a continuous function that demonstrates a balance between  

 

Figure 3.2: Logistic function. 



 

35 

 

linear and nonlinear behavior as shown in Fig. 3.2. The sigmoid function assumes a 

continuous range of values from 0 to 1. The sigmoid function, f1 is expressed as follows:    

𝑓1(𝑥) =  
1

(1+exp (−𝑥))
 , (3.2) 

where 𝑥 = ∑ 𝑤𝑗𝑖𝑣𝑖 + 𝑏𝑖
𝐷
𝑖=1 . Differentiating Eq. (3.2) with respect to x denotes, 

𝑓1
′(𝑥𝑗) =

exp (−𝑥)

[1+exp (−𝑥)]2. (3.3) 

Substitute 𝑦𝑗(𝒙) = 𝑓1(𝑥) to eliminate the exponential term denotes, 

𝑓1
′(𝑥𝑗) =  𝑦

𝑗
(𝒙)(1 –  𝑦

𝑗
 (𝒙)) (3.4) 

Recently, the sigmoid function has fallen out of favour as the activation 

function in the neural network due to two major drawbacks found in this activation 

function [9]: 

a) Sigmoid function squishes the input data into a small input region between 

0 and 1. Therefore, the derivative shown in Eq. (3.3) and Eq. (3.4) has a very small 

gradient which towards zero gradient. The gradient is not able to update the weights 

parameter during the DNN training process. This vanishing gradient problem slows 

down the learning process of the DNN and degrades the DNN recognition performance. 

But, this issue can be reduced by using better initialization of weights parameter.  

 b) Sigmoid function is not zero-centred as shown in Fig. 3.2. This may cause 

the undesired zig-zag dynamics in the gradient updates for the weights parameter. This 

issue can be reduced by using a mini batch training scheme. Tanh shown in Fig. 3.2 

scales sigmoid function to zero-centred. It converted a real-valued input, x to the range 

between -1 to 1. Tanh activation function, f2 in Eq. (3.5) is the zero-centred version of 

the sigmoid activation function. The tanh function is defined as follows: 

𝑓2(𝑥) =  
exp(2𝑥)−1

exp(2𝑥)+1
 (3.5) 

The derivative of Eq. (3.5) for backpropagation training process is defined as follows: 

𝑓2
′(𝑥) =  [1 − 𝑓(𝑥)][1 + 𝑓(𝑥)] (3.6) 

 

3.2.2 Multistate activation function 

MSAF [96] adding multiple state using a constant, r1 and combined multiple 

logistic functions together as shown in Fig. 3.3. Two types of MSAF were introduced, 
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i.e. N-order MSAF and the symmetrical MSAF. This type of activation function 

allowed DNN to capture more important features on the input data v to improve 

classification rate. The 2-order MSAF demonstrated in Eq. (3.7) consists of state 0, 

state 1 and additional state 2. The symmetrical MSAF is a zero-centred version of 

MSAF which consists of three states i.e. states -1, state 0 and state 1 as illustrated Eq. 

(3.8). 

𝑓3(𝑥) =  
1

1+exp(−𝑥−𝑟1)
+

1

1+exp(−𝑥)
 (3.7) 

𝑓4(𝑥) =  −1 +
1

1+exp(−𝑥−𝑟1)
+

1

1+exp(−𝑥)
 (3.8) 

The derivative of Eq. (3.7) and Eq. (3.8) for backpropagation training process is 

defined as follows: 

𝑓3
′(𝑥) = 𝑓4

′(𝑥) =  
𝑒𝑟1−𝑥

(𝑒𝑟1−𝑥 + 1)
2 +

𝑒−𝑥−𝑟1

(𝑒−𝑥−𝑟1 + 1)
2 (3.9) 

 

 

Figure 3.3: Multistate activation function 

3.2.3 Rectifier linear unit 

ReLU [98] as shown in Fig. 3.4 is widely used in DNN due to its simplicity in 

backpropagation that could reduce the computational cost in the training process. The 

ReLU equation is expressed in Eq. (3.10) with its derivations as shown in Eq. (3.11). 

𝑓5(𝑥) = {
𝑥, 𝑥 > 0
0, 𝑥 ≤ 0

 (3.10) 

f(
x)

 

 

x 
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𝑓5
′(𝑥) = {

1, 𝑥 > 0
0, 𝑥 ≤ 0

 (3.11) 

However, the drawback of ReLU is that the value of activation function might be out 

of bound during the backpropagation training. Thus, the learning rate becomes the 

crucial variable from the training process. In addition, the activation node with smaller 

learning rate causes the data falls into zero region that could be dead node and cannot 

be re-activated in the training process. LReLU [99] is proposed to tackle the ReLU 

issues by adding a small constant value (c), for example c = 0.1 in the negative region 

of the ReLU activation function as shown in Eq. (3.12). Another version of LReLU 

known as PReLU [102] trains the LReLU constant variable adaptively throughout the 

training process.  

𝑓6(𝑥) = {
𝑥, 𝑥 > 0

𝑐𝑥, 𝑥 ≤ 0
 (3.12) 

 

Figure 3.4: Variation of Rectified linear unit. 

In PReLU, there is an additional trainable parameter © inserted in the negative 

segment of activation function. The derivative of Eq. (3.12) is defined as follows: 

𝑓6
′(𝑥) = {

𝑥, 𝑥 > 0
𝑐, 𝑥 ≤ 0

 (3.13) 

The derivative of the trainable parameter c is defined as follows: 

𝜕𝑓

𝜕𝑐
=  {

0, 𝑥 > 0
𝑥, 𝑥 ≤ 0

 (3.14) 

f(
x)
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The derivatives shown in Eq. (3.13) and Eq. (3.14) will be used in backpropagation 

training process. 

3.2.4 Exponential linear unit 

 Exponential linear units (ELU) [103] as shown in Fig. 3.5 is proposed to solve 

the bias shift issue during the training process. During the training process, the bias 

shift issue is defined as the change of a neuron’s mean value. Bias shift issue always 

causes oscillations and impeded learning in the backpropagation training process. ELU 

has a similar characteristic as the batch normalization. ELU possesses negative values 

to push mean unit activations closer to 0 with lower computation complexity. Mean 

shift towards 0 shortens the network training process by carrying the gradient closer 

(decrease the gap) to the unit natural gradient. As a result, the bias shift effect can be 

reduced. ELU activation function has the advantage of noise robustness over the 

LReLU activation function. ELU has a clear saturation plateau in its negative regime, 

allowing them to learn more robust and stable representation in the deep neural 

network. Therefore, ELU network performs better than ReLU network that is trained 

using batch normalization. Eq. (3.15) demonstrates the activation function of ELU 

with a controlling parameter (α) as follows, 

𝑓7(𝛼, 𝑥) = {
𝛼(𝑒𝑥 − 1), 𝑥 < 0

𝑥, 𝑥 ≥ 0
 (3.15) 

The derivative of Eq. (3.15) can be defined as follows, 

 

Figure 3.5: Exponential linear unit (ELU). 

𝑓7
′(𝛼, 𝑥) = {

𝑓(𝛼, 𝑥) + 𝛼, 𝑥 < 0
1, 𝑥 ≥ 0

 (3.16) 

x 

f(
x)
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3.2.5 Activation function modification 

Adaptive tangent activation function is introduced to solve the saturation 

problem occurred in tanh activation function as shown in Fig. 3.6. Two trainable 

variables slope, s and amplitude, a are added to the tanh activation function. The 

trainable variables are adjusted accordingly in the training process using gradient 

descent method. Equation (3.17) illustrated the adaptive tanh activation function. 

    

Figure 3.6: Adaptive tanh activation function. 

𝑓8(𝑥) =  atanh (𝑠𝑥) (3.17) 

 where a and b are the trainable parameter to rescale and bias. The derivative of the 

activation function is defined as follows:  

𝑓8
′(𝑥) = 𝑎𝑠 𝑠𝑒𝑐ℎ2(𝑠𝑥) (3.18) 

                        = 𝑎𝑠 (1 − 𝑡𝑎𝑛ℎ2(𝑠𝑥))  

                            =  
s

𝑎
[a − 𝑦𝑗(𝑥)][a + 𝑦𝑗(𝑥)]  

Derivative of trainable parameter a and s, 

𝜕𝑓

𝜕𝑎
=  tanh (𝑠𝑥) (3.19) 

𝜕𝑓

𝜕𝑠
=  

x

𝑎
[a − 𝑦𝑗(𝑥)][a + 𝑦𝑗(𝑥)] (3.20) 

The derivative equations are demonstrated in the backpropagation algorithm (fine-

tune) in appendix A. 

3.3 Data randomization techniques 

Randomness is a very important key point in training deep architecture neural 

network. Randomization of the data helps deep neural network (DNN) to learn well in 

x x 

f(
x)

 

 

f(
x)
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data generalization by shuffling the input samples. Therefore, DNN can adapt well in 

real life scenario i.e. DNN still can perform well regardless the change of background, 

orientation or position of the object. There are many types of randomization technique 

can be found in the literature. For example, adding random noise into the input data 

improves the classification rate of the DNN. 

Dropout neural network [104] and DropConnect [105] are the regularization 

methods randomly removed visible and hidden units from the DNN during the training 

process. It is an effective way to reduce overfitting by preventing co-adaptions 

between the units. Stochastic backpropagation algorithm utilizes the randomness to 

provide “exploration energy” for finding better optimization solutions during gradient 

descent. Three types of dataset randomization were introduced to have the network 

generalization in the following subsections. 

3.3.1 Randomization Technique #1 

Randomization technique #1 as shown in Fig. 3.7, K of training images was 

divided into mini batches with the size of 100. Each mini batch was randomized with 

one fixed random sequence. The pseudocode for randomization technique #1 is 

illustrated as follows: 

Pseudocode #1: 

COMPUTE non-repeated random sequence; 

READ total number of minibatch, R 

READ width of minibatch 

FOR t = 1 to R 

CALL one minibatch 

REARRANGE according to the random sequence 

SAVE minibatch 

ENDFOR; 

 

Figure 3.7: Randomization technique #1 
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3.3.2 Randomization Technique #2 

Randomization technique #2 is illustrated in Fig. 3.8. K of training images was 

divided into mini batches with the size of 100. Each mini batch was randomized with 

R number of random sequences, where R is the number of mini batch. The pseudocode 

for randomization technique #2 is illustrated as follows: 

Pseudocode #2: 

READ total number of minibatch, R 

READ width of minibatch 

 FOR tt = 1 to R 

COMPUTE R number of non-repeated random sequence; 

CALL one minibatch 

REARRANGE according to the random sequence 

SAVE minibatch 

ENDFOR; 

 

Figure 3.8: Randomization technique #2 

3.3.3 Randomization Technique #3 

Randomization technique #3 is illustrated in Fig. 3.9. A random sequence with 

the size of 100 is generated. K of training images were randomized first before divided 

into mini batches. Therefore, each mini batch did not have an equal number of samples 

for each class. The pseudocode for randomization technique #3 is illustrated as follows: 

 

Pseudocode #3: 

READ total number of input data, R1 

COMPUTE R1 number of non-repeated random sequence 

REARRANGE input data according to the random sequence 
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CALCULATE total number of minibatch can be divided; minibatch width size = 

100; 

COMPUTE divide the input data into minibatches 

SAVE minibatches 

 

Figure 3.9: Randomization technique #3. 

3.3.4 Experimental Results on Randomization Techniques 

MNIST benchmark dataset was used to investigate the performance of these 

three types of randomization techniques. 44000 total number of training images were 

selected to train the deep belief network (DBN). 10000 test images were utilized to 

test the performance of the network after the training process was done. Fig. 3.10 

showed the performance of DBN using different types of dataset randomization. 

Experiment results showed that randomization technique #3 outperformed the other  

 

 

Figure 3.10: Misclassified rate for different types of dataset randomization with tanh 

activation function. 
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two types of randomization. Therefore, it showed that the number of sample images in 

a mini batch did not necessary to be equal in order to archive lower misclassification 

rate. Randomization technique #3 broke any predefined structure that may exist in the 

original dataset, thus, leads to a better generalization of the network during the training 

process. 

3.4 Experimental setup 

The experiments were conducted using MATLAB 2013b software and TitanX 

GPU. Two types of neural network were implemented for evaluate the performance of 

the activation functions. Deep belief network (DBN) was implemented for saturated 

types of activation function evaluation. Deep feedforward network was implemented 

for unsaturated and adaptive activation functions evaluation. DBN had an additional 

pre-training algorithm before the backpropagation algorithm training process. This 

pre-training process helped saturated type of activation functions to eliminate the 

saturation problem and the vanishing gradient problem. Five layers of the DBN was 

implemented for this evaluation. DBN was pre-trained 30 epoch using the restricted 

Boltzmann machine algorithm [95] as illustrated in Appendix A. Deep feedforward 

network (DFN) was implemented for the evaluation of the unsaturated type and 

adaptive type of activation functions. It consists of five layers fully connected 

feedforward network. Unlike DBN, the training process was only required the 

backpropagation algorithm. The main differences between the DBN and DFN was the 

additional pre-training algorithm. The parameters for both networks were showed in 

Table 3.1. 

Table 3.1: Parameters used for DBN and DFN  

No. Items Parameters for 

DBN 

Parameters for 

DFN 

1 No. of epoch for pre-train 30 - 

2 No. of epoch for fine-tune 100 

3 No. of test repeated 3 

4 Type of weights Gaussian Xavier 

5 No. of training images 60000 

6 No. of testing images 10000 

7 Regularization method  Weight decay 

The backpropagation algorithm was using a mini batch stochastic gradient 

descent backpropagation algorithm. The detail implementation of the pre-training and 
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backpropagation algorithm was illustrated in Appendix A. Small random Gaussian 

weight initialization with zero mean and 0.01 standard deviation [106] was used to 

initialize the weights parameter of saturated activation functions. For unsaturated 

activation function, the weight initialization is using Xavier weight initialization [94]. 

MNIST dataset contains 60000 training images and 10000 testing images were used 

to train and verify the performance of the network. The misclassification rate shown 

in Eq. (3.21) was calculated to evaluate the performance of each activation function. 

The sum of correct classified denoted the total number of outputs was matched with 

the targeted output.  

𝑀𝑖𝑠𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒

=  (1 −
𝑠𝑢𝑚 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑝𝑢𝑡 𝑖𝑚𝑎𝑔𝑒𝑠
) × 100% 

(3.21) 

3.5 Investigation on Activation Functions 

Saturated and unsaturated types of activation function were investigated in 

deep belief network (DBN) and four layered fully connected network using type #3 

dataset randomization in the previous section as shown in Table 3.1 and Fig. 3.10. By 

comparing the saturated activation functions, i.e. sigmoid and tanh, MSAF and 

MSAFsymm, the experimental results showed that the performance was improved  

 

 

Figure 3.11: Test misclassification rate for different types of activation function. 
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greatly if the activation function is symmetrical on its origin. Tanh activation function 

reduced the misclassification rate to 1.86%. MSAF-symm reduced the MSAF 

misclassification rate to 11.28%. If compared to tanh activation function, MSAF did 

not show classification rate improvement after adding additional state in its activation 

function. The main drawback of the saturated activation function was required pre-

training to eliminate vanishing gradient problem. 

Therefore, we further investigated tanh activation function by adding two 

trainable parameters as shown in Eq. (3.13). By adding two trainable parameters to 

adjust the slope and amplitude of the tanh activation function, adaptive tanh network 

could train without pre-training process. Thus, simplified the tanh activation function 

training process. However, the misclassification rate of adaptive tanh was 1% higher 

than the tanh activation function.  

Unsaturated activation functions i.e. ReLU, LReLU, PReLU, and ELU did not 

suffer vanishing gradient problem. Thus, unsaturated activation functions required less 

computational time since they did not do the pre-training process and did not has an 

exponential term in its function compared to the saturated activation function. ReLU 

activation function obtained the highest misclassification rate among the unsaturated 

type of activation function which was 2.08%. This was due to the error gradient of the 

neurons fallen into the negative region was zero. Thus, the neurons would not learn 

throughout the training process of the network.   

Table 3.2: Activation functions experimental results in MNIST dataset. 

Activation Functions Train misclassification 

rate 

Test misclassification 

rate 

Pre-train 

Sigmoid 7.1 7.01 Yes 

Hyperbolic Tangent 0.17 1.86 Yes 

MSAF 13.16 12.59 Yes 

MSAF_symm 14.29 11.28 Yes 

ReLU 19.86 2.08 No 

LReLU 0 1.68 No 

PReLU 0.01 1.6  No 

ELU 0.03 1.88 No 

Adaptive tanh 0.67 2.93 No 

 

LReLU activation function reduced ReLU activation function’s 

misclassification rate by allowing a small error gradient flowing through the negative 
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region of the activation function. PReLU activation function obtained the lowest 

misclassification rate among all types of activation function. PReLU activation 

function achieved 1.6% misclassification rate by adaptively learned the slope of the 

negative region in PReLU activation function during the training process of the 

network. PReLU activation function reduced LReLU activation function’s 

misclassification rate to 1.68%.  

3.6 Summary 

In this chapter, three types of dataset randomization, different types of saturated, 

unsaturated, and adaptive activation functions were investigated in deep belief network 

(DBN) and fully connected network. Randomization is important for training a deep 

architecture neural network. Randomness forces DNN learn meaningful features from 

the raw data. Therefore, DNN can adapt well in real life scenario i.e. DNN still can 

perform well regardless the change of background, orientation or position of the object. 

We proposed #3 dataset randomization i.e. training images were randomized first 

before divided into mini- batches. Therefore, each mini batch did not have an equal 

number of samples for each class. #3 dataset randomization was then implemented 

into the activation functions analysis experiment. There are three types of activation 

function i.e. saturated activation function, unsaturated activation function and adaptive 

activation function. Saturated activation functions such as sigmoid, hyperbolic tangent 

multistate activation function required a pre-training process in order to eliminate the 

vanishing gradient problem during the training process of the network. The 

experimental results showed that the performance was improved greatly if the 

activation function is symmetrical on its origin. Tanh activation function could obtain 

better misclassification rate as compared to the non-symmetrical sigmoid activation 

function. MSAF-symm achieved better misclassification rate than MSAF’s 

misclassification rate. As compared to tanh activation function, MSAF did not show 

classification rate improvement after adding additional state in its activation function. 

Unsaturated activation functions solved the vanishing gradient problem and provide 

sparsity to the network therefore, it would not overfit the training data. ReLU 

activation function obtained the highest misclassification rate i.e. 2.08% among the 

unsaturated type of activation function. This is due to the error gradient of the neurons 

fallen into the negative region is zero. As a result, it causes the vanishing gradient 

problem in the neurons to obtain an optimized weights parameter during the training 
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process. LReLU activation function reduced ReLU activation function’s 

misclassification rate by allowing a small error gradient flowing through the negative 

region of the activation function. Adaptive activation function such as PReLU adjust 

the negative slope of the function according to the training process of the network. 

PReLU achieved the lowest misclassification rate i.e. 1.6% among all types of 

activation function. PReLU activation function further reduced the misclassification 

rate to 1.6%. Adaptive tanh is proposed to solve the tanh activation function saturation 

problem by adding two trainable parameters into the function. Adaptive tanh activation 

function can reduce the training iteration of the tanh activation function. However, the 

misclassification rate of adaptive tanh is 1% higher than the tanh activation function.   
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Chapter 4 Convolutional Deep Feedforward Network 

 

4.1 Introduction 

Deep feedforward network (DFN) is the fundamental architecture of all 

specialized deep architecture neural networks (DNNs), such as convolutional neural 

network, and recurrent neural network (RNN). DNN could perform better recognition 

capability than human eyes, which generally obtain 5% - 10% of misclassification rate. 

The use of DNN has shown significant performance in the applications of speech 

recognition [93], object recognition [92], pedestrian detection [90], handwritten digit 

recognition [107], and character text generation [108]. In the current trend of 

development, researchers have moved forward to apply deeper and wider neural 

network architecture to achieve a high recognition rate.  

The development of deep structures neural networks has been exponentially 

growing after AlexNet [109] showed a drastic drop of top-5 error from 26.2% to 15.4% 

in the ImageNet large scale visual recognition challenges [110]. In the subsequent 

years, DNNs such as ZF net [111], VGG net [112], and GoogLeNet [113] was 

developed in deeper and wider neural networks to compete in ImageNet Challenge. 

Microsoft research team [114] developed the largest DNN structure containing 152 

layers and hence it achieved 3.6% of misclassification rate in the challenge. However, 

the study of very deep network architecture always associates with the stacking of 

network layers and large computing resources. 

The recent DNNs are configured based on the fundamental architecture of the 

convolutional neural network (CNN) [115]. CNN has layers of convolutional and 

pooling computing operation in order to obtain multiple feature maps across a full 

resolution image using local receptive fields. The number of feature maps is stacked 

in deeper layers to increase accuracy. To address the large computational issue, 

convolutional based DNN requires a supercomputer with multiple graphical 

processing units (GPUs) to preserve the good accuracy. Stacking of convolutional 

layers may attract huge attention in the research field, however, the effect of stacking 

up fully connected neural network (FCN) has not yet been discovered. FCN has all 

nodes connected between layers with the correlation of input pixel value while the 

CNN has a connection only to a local region in an input with parameters sharing. 
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Klambauer et al. [116] introduced self-normalizing to normalize the output of 

activation function with the convergence of zero mean and unit variance. This 

convergence property allows FCN to be trained in multiple layers without having 

vanishing and exploding gradient problems. Exploding gradient is a problem arises 

when training a deep network. The error gradient can accumulate to become a very 

large value causes the network unable to learn from the training data. Hinton et al. [95] 

proposed a layer-wise pre-training algorithm in deep belief network to solve the 

vanishing gradient problem. Other FCN architectures such as dropout network [104], 

maxout network [117], and dropConnect network [105] solved the overfitting 

problems of the FCN. Lin et al. [118] proposed network in network (NiN) combining 

convolutional and fully connected network as a micro network in NiN architecture. In 

the micro-network, it consists of convolutional layer (CL), pooling layer (PL) and the 

fully connected network (FL) which act as a potent function approximator. As a result, 

NiN is able to reduce the test error of CIFAR-10 and CIFAR-100 to 8.81% and 35.6% 

respectively. Lee et al. [119] combined a CL with DBN to scale down the large image 

and invariant to local translation. With the above-mentioned literature reviews, the 

effect of stacking FCN and CNN sequentially has not been fully studied instead of 

going deeper architecture. 

In this chapter, an investigation of the effect to stack three types of network 

layers sequentially, i.e. (1) CL, (2) PL and, (3) FL. The layers are sequentially added 

in the network to understand the effect of networks layers in terms of classification 

accuracy. Subsequently, convolutional deep feedforward network (C-DFN) consisting 

of one CL, one PL and five FLs is proposed in the network. The CL is used as a 

trainable feature extractor and obtains features which are invariance to translations, 

rotation and scale before input to the four layers of FCN which acts as universal 

approximator for classification. The main contributions of this chapter are: (1) 

Investigation of the effect to stack three type network layers, i.e. CL in three filter size, 

PL and FL, (2) the proposed C-DFN consisting of one CL, one PL and four FLs for 

classification, (3) Four different types of architecture performance i.e. DFN, C-DFN, 

DBN, ad C-DBN were investigated on MNIST dataset, Daimler pedestrian dataset, 

and INRIA person dataset. This chapter is organised as follows: section 4.2 describes 

the architecture of C-DFN. Section 4.3 describes the experimental setup and 

experimental results discussion. Section 4.4 concludes this chapter. 
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4.2 Convolutional Deep Feedforward Network 

C-DFN is made up of a CL, a PL, and followed by FLs as shown in Fig. 4.1. 

CL is used as a trainable feature extractor to extract unique features from the input 

image which are invariant to scale, rotation, and translation. In this section, the C-DFN 

architecture is described in detail and the architecture can be divided into two parts, 

i.e. forward propagation and backpropagation computation. 

 

Figure 4.1: Convolutional deep feedforward network. 

4.2.1 Forward Propagation 

The input data is forward propagated from the input layer to multiple hidden 

layers until it reaches the output layer to produce an output signal. In the following 

section, the forward propagation computation is described in detail in each layer of the 

C-DFN. 

4.2.1.1 Convolutional layer 

In the configuration of CL, the input image, di is convoluted with i×j learnable 

kernels, kij and go through the activation function, f(∙) to form the output feature map, 

vj
l. The convolution operation can be defined as follows: 

𝑣𝑗
𝑙 = 𝑓 ( ∑ 𝑑𝑖

𝑙−1 ∗ 𝑘𝑖𝑗
𝑙 + 𝑏𝑗

𝑙

𝑖∈𝑀𝑗

) (4.1) 

where Mj represents input maps. di
l-1 represents ith input channel. vj

l denotes the output 

of the CL. Each output map is connected to an additive bias, bj after the input image is 

convoluted with learnable kernels. This process can identify the salient features based 

on the local receptive field scanning.  
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4.2.1.2 Max-pooling layer 

Once the input image is convoluted with kernels, a PL is used to build up spatial 

and configural invariance. It could reduce the half computational time of the feature 

maps computing process. Max-pooling performed in the non-overlapping 

neighbourhood using Eq. (4.2). 

𝑧𝑖𝑗𝑘 = 𝑚𝑎𝑥𝑛,𝑚(𝑣𝑖,𝑗+𝑛,𝑘+𝑚) (4.2) 

Max-pooling obtains the maximum value in the neighbourhood of n×m. The 

output of the subsampling layer is subsequently arranged into an input vector of deep 

feedforward network (DFN). 

4.2.1.3 Deep feedforward network 

Deep feedforward network is made up of multiple FL. The input signal is multiplied 

with the weight connection and then plus with a bias. A FL can be formed using Eq. 

(4.3). 

𝑥𝑗
𝑙 = ∑ 𝑤𝑗𝑖 × 𝑦𝑖

𝑙−1

𝑚

𝑖=1

+ 𝑏𝑖 (4.3) 

where m is the total number of inputs applied to neuron j. 𝑦𝑖
𝑙−1 is the input of FL from 

the output of the previous layer. The output signal yj
l of the FL is given as follows: 

𝑦𝑗
𝑙 = 𝑓(𝑥𝑗

𝑙) (4.4) 

where f(∙) is the activation function of the network. The output signal is then compared 

with the targeted output to produce an error backpropagated into the network layer by 

layer which is described in the next section. 

4.2.2 Backpropagation 

In the backpropagation, an error signal is produced by comparing the output of 

the network with the targeted output. The resulting error signal is propagated through 

the network in a backward direction, layer by layer. In this chapter, the stochastic 

gradient descent backpropagation algorithm [9] is used to update the weights 

connection in C-DFN. After the parameters of DFN is updated, the error signal is 

backpropagated to the PL and CL. For the PL, the local gradient from the DFN is 
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multiplied back to the PL. The local gradients of the CL for kernels update is defined 

as follows [120]: 

𝛿𝑗
𝑙 = 𝑓′(𝑢𝑗) ∙ 𝑢𝑝(𝛿𝑗

𝑙+1) (4.5) 

where 𝑓′(∙) is the derivatives of activation function, uj is ∑ 𝑑𝑖
𝑙−1 ∗ 𝑘𝑖𝑗

𝑙 + 𝑏𝑗
𝑙

𝑖∈𝑀𝑗
, up(∙) 

as the pre-activation input, and 𝑢𝑝(∙) represents up-sampling the local gradients from 

layer l+1, which is the local gradients from PL. The gradient of bias, bj is the sum of 

all the entries of δj
l as shown in Eq. (4.6): 

𝜕𝐸

𝜕𝑏𝑗
= ∑(𝛿𝑗

𝑙)
𝑞𝑟

𝑞,𝑟

 
(4.6) 

Finally, the gradients to update the kernels are computed using Eq. (4.7). 

𝜕𝐸

𝜕𝑘𝑖,𝑗
𝑙 = ∑(𝛿𝑗

𝑙)
𝑞𝑟

𝑞,𝑟

(𝑝𝑖
𝑙−1)

𝑞𝑟
 

(4.7) 

where (pi
l-1)qr is the patch in vi

l-1 that was multiplied elementwise by ki,j
l during 

convolution in order to compute the element at (q, r) in the output convolution map vj
l.  

After training is completed, the trained weights were tested in the test dataset.  

4.3 Experimental Results and Discussion 

Four types of network structure were investigated, i.e. DBN, C-DBN, DFN and 

C-DFN. The experiments involved the change of filter size in a CL, stacking a number 

of CL, stacking a number of FL, and stacking a number of convolutional and pooling 

layer (CP). All the network structures were developed using MATLAB 2013b software 

and TitanX GPU. The convolutional kernel was initialized with Gabor filter [121]. 

Four Gabor filters [122, 123] were used as the convolution kernels in the CL to extract 

the pertinent information from the raw image 28×28 pixels.  

In the experiments, Leaky Rectified Linear Unit (LReLU) with a=0.25 was set 

in the activation function of the network. Table 4.1 shown the parameters used for 

DBN, C-DBN, DFN and C-DFN. Besides that, weight decay 1×10-4 was implemented 

during the training process. All the experiments were repeated 3 times and the average 

results were recorded in this section. The network structures investigation was 

performed on handwritten digit dataset (MNIST). The architecture performance 
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comparison between DFN, DBN, C-DFN, and C-DBN were conducted on MNIST 

dataset [115], INRIA person dataset[17], and Daimler classification dataset [18].  

In MNIST dataset, 60k of training images were randomized using #3 data 

randomization in section 3.3.2 and divided into 600 mini-batches. Therefore every 

mini-batch had a non-equal distribution of samples in each class for the stochastic 

effect to increase generalization [123]. 10k of testing images was used to test the 

performance of the network. The number of epochs was set in 100 epochs for training. 

The learning rate, η was fixed to 0.1 and the momentum value was fixed to 0.9.  

In INRIA person dataset, 5820 images were selected for training and 4516 

images were selected for testing the network performance. The number of positive 

images and the number of negative images were equal in both testing and training 

dataset. The images were converted into greyscale and resized into 80×40. #3 data 

randomization was used to randomize dataset and rearranged into 582 mini-batches. 

The learning rate was fixed to 0.01 and momentum rate was fixed to 0.1.  

In Daimler classification dataset, 9600 images were used for training and 9600 

images were used for testing the network performance. The number of positive images 

and the number of negative images were equal in both datasets. The training dataset 

was randomized using #3 dataset randomization and divided into 960 mini-batches. 

The learning rate is fixed to 0.01 and momentum rate is fixed to 0.1. In the following 

section, each layer of the C-DFN had been investigated.  

Table 4.1: Parameters for DBN, DFN, C-DFN, and C-DBN 

No. Items Parameters 

1 No. of epoch for pre-train 30 

2 No. of epoch for fine-tune 100 

3 No. of test repeated 3 

4 Type of weights Xavier 

5 No. of training images 60000 

6 No. of testing images 10000 

7 Regularization method  Weight decay 

 

4.3.1 Experiment on Convolutional Filter Size  

Filter size experiments investigated the relationship between filter sizes and the 

performance of the network. CPFL network consists of one CL, one PL, and one FL. 

Table 4.1 showed the MNIST dataset experimental results. This experiment 
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investigated three different sizes of Gabor filter used in CL i.e. 3×3, 5×5, and 7×7. 

Based on the experimental result, smaller filter size achieved the lowest 

misclassification rate 11.86% in MNIST dataset. This is because smaller filter size was 

able to capture very fine details of the image while having a bigger filter size could 

leave out minute details in the image. The filter size effect could be observed clearly 

in Fig. 4.2.  

              

Figure 4.2: Input for fully connected layer in different types of network structure (a) 

raw input (28×28) (b) Output of CP(3×3)  (c) Output of CP(5×5)  (d) 7×7 CP (e) Output 

of CPCP (3×3) 

Table 4.2: Misclassification rate of different Gabor filter sizes. 

Network Structure Train Misclassification Testing Misclassification 

(3×3) CPFL 11.94 11.86 

(5×5) CPFL 14.00 13.35 

(7×7) CPFL 16.51 17.66 

 

4.3.2 Experiment on Stacking Fully Connected Layers 

As a result of the experiment in the section 4.2.1, the best filter size for 

convolutional layer was 3×3. Therefore, in this experiment, the filter size was fixed to 

3×3. CP2FL was referred to one CL, one PL and two FLs. This experiment was stacked 

up to five FLs sequentially to investigate the performance of the network.  

Table 4.3: Misclassification rate of different number of stacked fully connected layer. 

Network Structure Training Misclassification Testing Misclassification 

CPFL 11.94 11.86 

CP2FL 1.15 4.29 

CP3FL 0.63 2.83 

CP4FL 0.76 2.6 

CP5FL 0.7 2.86 

(a) (b) (c) (d) (e) 



 

55 

 

Table 4.3 showed that stacked up to four FLs obtained the lowest 

misclassification rate which is 2.6% in MNIST dataset. Stacking five layers of FLs did 

not reduce the misclassification rate. This was due to the excessive number of neurons 

in a network that led to overfitting problem as well. 

4.3.3 Experiment on Stacking Convolutional Layers 

This experiment using CPFL as a baseline to investigate the network 

performance by stacking multiple layers of the CL. 2CPFL was referred to two CLs, 

one PL and one FL. Table 4.4 showed that adding a convolutional layer on CPFL 

reduced the misclassification rate from 11.86% to 10.91%. Adding one more 

convolutional layer on 2CPFL the misclassification rate increases to 14.41%. However, 

according to [112], stacking of two CLs with 3×3 filter size has the same effective 

receptive field of  the 5×5 CL. Therefore, in this experiment the training and testing 

performance of 2CPFL had achieved a better recognition rate than CPFL with 5×5 

filter size. Similarly, 3CPFL had performed better than CPFL with 7×7 filter size. 

Table 4.4: Misclassification rate of different number of stacked convolutional layer. 

Network Structure Training Misclassification Testing Misclassification 

CPFL 11.94 11.86 

2CPFL 11.7 10.91 

3CPFL 15.55 14.41 

 

4.3.4 Experiment on Stacking Convolutional-Subsampling Layers 

Similar to experiments in section 4.3.3, this experiment applied CPFL as a 

baseline to investigate the effect of adding PL after every CL of the network structure. 

Experimental results in Table 4.5 showed that adding more PL contributed to worse 

misclassification rate. The effect of PL was to reduce the dimensionality of feature 

maps while remaining the rotational and shift invariant features of the local region. 

Therefore, adding more PLs introduced the information loss for the classification task.  

Table 4.5: Misclassification rate of different number of stacked CP layer. 

Network Structure Training Misclassification Testing Misclassification 

CPFL 11.94 11.86 

CPCPFL 15.59 14.68 

CPCP2FL 16.3 14.56 

CPCPCPFL 68.81 69.97 
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4.3.5 Comparison of DFN, DBN, C-DFN and C-DBN 

As a result, CP4FL network structure consisting of one CL, one PL and four 

FLs obtained the lowest misclassification rate 2.6% in MNIST dataset. In this network, 

the relationship of inter-connected pixels is fully linked with weights parameter 

although the number of convolutional kernels is small. In addition, a stack of equal 

length of the FL has relatively improved the performance of the recognition rate when 

the network is going deeper.  

In this experiment, CP4FL is renamed as C-DFN. This section compared DFN, 

C-DFN, DBN, and C-DBN architecture performance on MNIST dataset, Daimler 

pedestrian dataset, and INRIA person dataset. In addition, PReLU activation function 

is added to the networks for further investigation. The network structures were showed 

in Table 4.6. In Table 4.7, C-DFN with LReLU activation function achieved the lowest 

misclassification rate among all the network architectures.  

Table 4.6: Network structure of DFN, DBN, C-DFN, and C-DBN on MNIST dataset. 

 

Table 4.7: Four types of network structures misclassification rate in three types of 

dataset. 

C-DFN with LReLU reduced DFN’s misclassification rate to the average of 

9.41%. C-DFN with PReLU minimized the average of 9.22% misclassification rate. 

DFN and DBN C-DFN and C-DBN 

Layer 1 – 784 

Layer 2 – 784 

Layer 3 – 784 

Layer 4 – 784 

Layer 5  - 10 

Layer 1 – 28×28 

Layer 2 – 26×26×4 

Layer 3 – 13×13×4 

Layer 4 – 676 

Layer 5 – 676 

Layer 6 – 676 

Layer 7 – 676 

Layer 8 – 10 

Dataset Misclassified rate (%) 

LReLU PReLU 

DFN C-DFN DBN C-DBN DFN C-DFN DBN C-DBN 

MNIST 1.73 1.32 1.74 1.48 1.74 1.59 1.60 1.47 

INRIA 16.45 13.11 17.27 13.42 15.72 12.69 15.90 12.60 

Daimler 13.85 13.81 15.42 15.47 13.49 13.39 15.16 15.31 

Average 10.68 9.41 11.48 10.12 10.32 9.22 11.04 9.79 
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C-DBN with LReLU reduced misclassification rate to the average of 10.12%. C-DBN 

with PReLU reduced the average of 9.79% DBN’s misclassification rate. Therefore, 

the CL acts as a trainable feature extractor improved the network performance 

significantly. Moreover, it reduced 14% of the trainable parameters in DFN. Based on 

the experimental results obtained from three different benchmark datasets, the 

trainable feature extractor is therefore applicable to different types of situations and 

applications. 

4.4 Summary 

DFN is the fundamental network architecture in the recent development of 

deep learning neural networks for image classification. Going deeper and wider 

network architecture has attracted large research attention due to the improvement of 

classification accuracy. However, the study of very deep network architecture always 

associates with the stacking of network layers and involvement of large computing 

resources. Three basic types of neural layers are frequently stacked, i.e. CL, PL and 

FL. In this chapter, the stacking of these basic layers are sequentially added for 

performance investigation. The effect of stacking CL, PL and FL contributed to the 

recognition effect differently in terms of deeper layers. In CL, the smallest size of the 

receptive field captures better local region of an input. However, if the size of the 

convolutional layer has not grown wider, the recognition rate may become poor due to 

the loss of connecting information. The requirement of increasing the number of filters 

across one layer is important to improve the connectivity of local information. PL has 

the effect of subsampling for reducing dimensionality and introducing some degree of 

invariance to local translation and distortion in the input. In a FL, the relationship of 

inter-connected pixels are linked with weights parameter. Therefore, the stack of 

equal-length of the FL has relatively improved the performance of the recognition rate 

when the network is grown deeper. In addition, experimental results showed that a CL 

with four FLs (C-DFN) performed significantly better than DFN, DBN, and C-DBN 

using three datasets. C-DFN with LReLU reduced misclassification rate to the average 

of 9.41%. C-DFN with PReLU minimized the average of 9.22% misclassification rate. 

C-DBN with LReLU reduced misclassification rate to the average of 10.12%. C-DBN 

with PReLU reduced the average of 9.79% misclassification rate. Therefore, the CL 

acts as a trainable feature extractor improved the network performance significantly. 

Moreover, it reduced 14% of the trainable parameters in DFN. Based on the 
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experimental results obtained from three different benchmark datasets, the trainable 

feature extractor is therefore applicable to different types of situations and applications. 

In the next chapter, the proposed C-DFN is implemented for VRUs detection. 
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Chapter 5  Vulnerable Road Users Detection 
 

5.1 Introduction 

Vulnerable road users (VRUs) detection is a challenging and important task in 

autonomous vehicles. A VRUs detection system acts as an extra set of eyes for drivers, 

helping them avoid potentially catastrophic collisions. Fig. 5.1(a) showed the 

traditional VRUs detection algorithm and Fig. 5.1(b) demonstrated the proposed deep 

learning VRUs detection algorithm. The traditional VRUs detection had two main 

steps: (1) Feature detection phase and (2) Training classification phase. In the first 

phase, hand-engineered feature detector such as Histogram of gradient (HoG) [17, 29, 

124-127], Haar-like features [39, 124, 125], and Gabor features [121] were designed 

to capture the shape of VRUs. Colour histograms [126], and colour-self-similarity 

(CSS) [127] were used to detect colour features.  Local binary pattern (LBP) [128] 

detected texture, depth, motion, and their combinations were the examples of features 

used as input for image classification. Subsequently, the features detected in the first 

phase was used as input to train machine learning classifier in the second phase. 

Machine learning classifier referred to shallow architecture neural networks such as 

multilayer perceptron [9], support vector machine (SVM) [129] and Adaboost [130]. 

In the testing phase, the images in testing dataset were used as the input for the trained 

network for classification.   

 

Figure 5.1: Differences between (a) traditional VRUs detection algorithm and (b) 

proposed C-DFN VRUs detection algorithm. 

 Traditional VRUs detection algorithm such as HoG+CSS+linear SVM [61, 

131] Aggregated Channel Features (ACF) and Adaboost classifier [132-134] were 

utilized for pruning the window to obtain the region of interest. Tome et al. [88] 

investigated different types of region proposal methods and utilized ACF for region 

proposal for pedestrian detection. In recent years, deep architecture neural networks 
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(DNN) were potentially more capable than shallow architecture neural networks to 

detect and classify VRUs using camera imagery. Compared with handcrafted features, 

the automatic features generated by deep neural network (DNN) such as convolutional 

neural network (CNN) [134] and deep belief network (DBN) [95] were more capable 

of expressing the details of internal properties of the data. 

The proposed deep learning VRUs detection algorithm shortened the process 

of pedestrian detection by utilizing the trainable feature mechanism in a deep learning 

algorithm to detect the important features in the input image. Therefore, the main 

difference between traditional pedestrian detection algorithm and proposed deep 

learning pedestrian detection algorithm was that the latter approach has the trainable 

feature mechanism where the feature detector was done automatically by deep learning 

pedestrian detection algorithm. The proposed VRUs detection algorithm focused on 

the medium range of pedestrian which was within 30 to 80 pixels tall as the critical 

range for vehicle’s VRUs detection. When the system detects pedestrian on the vehicle 

path, a stopping distance is needed for a driver to react. The stopping distance 

depended on two factors [135]: (a) thinking distance: driver took time to react to a 

situation. During this reaction time, the car carried on moving. The thinking distance 

was the distance travelled in between the driver had realised to perform braking until 

he had performed the action braking. (b) Braking distance: The braking distance was 

the distance for a vehicle to stop completely after the brakes was applied. There were 

a few factors that might increase the stopping distance. Fig. 5.2 showed the stopping 

distances for a vehicle at different speeds (km/h).  

 

Figure 5.2: Stopping distance for vehicle in different speeds (km/h). [135]  
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Moreover, the thinking distance could be increased by tiredness, distraction, 

alcohol and drugs. Braking distance could be increased by greater speed, poor road 

conditions, car condition i.e. bald tyres, poor brakes or full of people in a vehicle. 

Therefore, the proposed VRUs detection system could assist driver to shorten the 

stopping distance of the vehicle. This chapter is organised as follows: section 5.1 

described benchmark dataset pre-processing and the pedestrian detection procedure. 

Section 5.2 described the experimental setup and experimental results discussion. 

Section 5.3 concluded this chapter. 

5.2 Dataset pre-processing and final model implementation  

This section illustrated the procedure to implement the convolutional deep 

feedforward network (C-DFN) proposed model into VRUs detection model. Section 

5.1.1 illustrated the dataset pre-processing procedure before used it for training and 

testing final model performance. Section 5.1.2 explained the training phase 

implementation and training procedure. Section 5.1.3 described the testing phase 

implementation and testing procedure. 

5.2.1 Dataset Pre-processing 

Before using the video-based Caltech pedestrian dataset [10] to evaluate the 

final model, pre-processing and image extraction from the video is needed. In this 

chapter, scenario cal1 was chosen to evaluate the proposed model i.e. S0 – S5 used as 

the training dataset, S6 – S10 used as the testing dataset. The pre-processing tasks 

included: 

(1) Extract seq format video file and its annotation file. Seq file could be extracted 

to a directory of images using Piotr’s Matlab Toolbox. The video files were 

extracted every 30th frame of each video’s images and its annotations based on the 

evaluation methodology set by Caltech pedestrian dataset. 

(2) Filtering ground truth bounding box. Ground truth bounding box (BB) format 

was defined as [x, y, width, height, ignored]. x, y defined as top left corner of the 

BB coordinate. ignored was a binary number for ground truth filtering. The ignored 

bounding box, bbig was used to exclude some portion of the dataset that was not 

considered in this detection model. The following BB were set as ignored bounding 

box bbig: 
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a) Any BB under 30 pixels height 

b) Any BB above 80 pixels height 

c) Truncated by image boundaries 

d) Ambiguous case: BB labelled as ‘Person?’  

e) BB labelled as ‘People’  

(3) Extract medium range (30-80 pixels high) positive image (pedestrian) and 

negative image (background) for training phase data. The positive images 

were cropped from Caltech training dataset (set 0 – set 5) using the annotation of 

the dataset. Different sizes of the positive images were resized to 80×80×3 and 

saved according to the video folder. The negative images (80×80×3) were cropped 

randomly from the images without any annotation BB. The cropped negative 

images were then added into the training dataset and randomized the sequence of 

the images. 

(4) Randomize ground truth bounding box and labels. Ground truth BBs were 

randomized based on the sequence of the images and the corresponding 

classification labels were set for training phase. 

5.2.2 Training Phase 

Fig. 5.3 showed the training samples were resized to 80×80×3 as the training 

inputs of the C-DFN. Fig. 5.4 showed the proposed model implemented into VRUs 

training dataset. The training inputs were convoluted sequentially with four 3×3×3 

Gabor filters. The output of the convolutional layer (CL) was then max pooled with a 

2×2 neighbourhood. The output of the pooling layer (PL) was then used as the first 

layer of the DFN for the detection. The five output of the C-DFN consists of the 

detected BB and the score of classification results which as [X, Y, width, height, score].  

 

 

Figure 5.3: Training samples (a) negative images (b) positive images. 

 

(a) 

(b) 
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The output of the C-DFN was then compared with the targeted output and the 

error was backpropagated to update the weights parameter of the networks. Stochastic 

gradient descent was used as the backpropagation algorithm. After that, the 

misclassification rate and mean square error was calculated to justify the training 

progress of the network.  

 

 

Figure 5.4: C-DFN training phase. 

5.2.3 Testing Phase 

After the network had been trained, the network was tested on the testing 

dataset s6-s10. In the testing phase, the detection system consists of two stages: region 

of interest extraction (ROI) and pedestrian detection. In the ROI extraction phase, a 

sliding window (80×80×3) with a stride size of five was used as a search window to 

detect pedestrian on the road exhaustively. The searching region started at one-third of 

the original image. As shown in Fig. 5.5, the search region was only focused on the 

yellow box region (320×640×3) to avoid searching pedestrian on the sky and buildings. 

The sliding window cropped 80×80×3 on the input image and used as the input for C-

DFN. Table 5.1 showed the parameters used for C-DFN VRUs detection system. 

Table 5.1: Parameters for C-DFN VRUs detection system 

No. Items Parameters 

1 No. of epoch for training 100 

2 No. of test repeated 3 

3 Type of weights Xavier 

4 No. of training set s0-s5 

5 No. of testing set s6-s10 

6 Regularization method  Weight decay 

 

In short, the VRUs detection system took a single frame of video as input and 

return BB and score for each detection. The tracking system was not included in this 

final model as it is out of the scope of this thesis. In order to evaluate detectors 

Convolutional 

layer 

Subsampling layer Input  Fully connected layer Output  
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performance, miss rate, false positives per image (FPPI) and accuracy of the detection 

were calculated for each image. 

5.3 Experimental results and Discussion 

C-DFN was implemented for VRUs detection task and evaluated on the 

Caltech pedestrian benchmark dataset. C-DFN is a single pipeline model without using 

image pre-processing and feature extraction method to detect VRUs. C-DFN utilized 

deep architecture neural network trainable feature mechanism to shorten the traditional 

detection process. In addition, C-DFN simplified the training process and can be 

modified according to the application. This section showed the experimental detection 

performance and discussion of the holistic C-DFN, holistic stacked C-DFN and part-

based C-DFN detection and part-based detection to investigate the detection 

performance of C-DFN. 

5.3.1 Experiment on C-DFN Holistic VRUs Detection 

Fig. 5.5 showed the holistic C-DFN VRUs detection system. In the VRUs 

detection process, the raw images captured by a camera attached on a vehicle was used 

as the input of C-DFN. The output of the C-DFN was a classification score 0 or 1 and 

the detection BB. Fig. 5.6 showed the experimental detection images extracted from 

the Caltech pedestrian testing dataset. Green BB indicated the ground truth bounding 

box, while the red BB indicated the detection BB. The number 0 or 1 on the top left 

corner of the green BB indicated that BB was ground truth BB or ignore BB 

respectively. The number showed on the top left corner of the red BB indicated the 

area of overlap calculated using Eq. (2.1).   

 

Figure 5.5: C-DFN for holistic VRUs detection. 

Test image (a) shown in Fig. 5.6 showed the holistic C-DFN detected one out 

of three pedestrians in the image. This is due to the undetected pedestrian is covered 

up with the shadow of the building and the other pedestrian. Therefore, the detection 

model is hard to identify the presence of a pedestrian in that region. Test image (b) 
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shown in Fig. 5.6 detected the pedestrian correctly when the pedestrian moving out of 

the shadow region. Test image (c) shown in Fig. 5.6 showed the miss detection case 

of the holistic C-DFN under a complex lighting and background environment. Test 

image (d) shown in Fig. 5.6 showed the holistic C-DFN successfully detected a 

medium scale pedestrian (30-80 pixels high) on the walkway. In the next section, 

holistic C-DFN was modified into stacked C-DFN and the experimental result was 

discussed. 

 

Figure 5.6: C-DFN holistic VRUs detection results. 

5.3.2 Experiment on Stacked C-DFN Holistic VRUs Detection  

Fig. 5.7 showed the architecture of two stacked C-DFN for holistic VRUs 

detection system. The first C-DFN act as a ROI detector. The output of the ROI as 

shown in Fig. 5.8 was used as the input of the second C-DFN. The output of the second 

C-DFN was the classification score and the detection BB. Fig. 5.9 showed the two 

stacked C-DFN experimental detection results. Test image (a) in Fig. 5.9 showed 

stacked two C-DFN detected the pedestrian covered by shadow. However, it failed to 

detect the other two pedestrians. Test image (b) in Fig. 5.9 showed stacked two C-DFN 

was able to detect a medium scale pedestrian in the video image. Test image (c) in Fig. 

5.9 showed stacked two C-DFN detected a partially occluded pedestrian. Test image 

(b) 
(a) 

(c) (d) 
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(d) in Fig. 5.9 showed the stacked two-C-DFN can detect the medium scale pedestrian 

correctly even under a complex background on the scene.  

 

Figure 5.7: Stacked two C-DFN for holistic pedestrian detection. 

 

Figure 5.8: Region of interest. 

 

Figure 5.9: Stacked two C-DFN VRUs detection results. 

Next, the performance of stacking three C-DFN for holistic pedestrian detection was 

further investigated. The experimental detection results as shown in Fig. 5.10. Test 

image (a) in Fig. 5.10 showed the detection result of three C-DFN obtained similar 

detection result as the holistic C-DFN. Test image (b) in Fig. 5.10 showed three C-

DFN detected one pedestrian and miss detected the other one due to the lighting 

condition. Test image (c) in Fig. 5.10 showed three C-DFN detected one of the 

(d) 

(a) (b) 

(c) 
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pedestrians walking on the walkway but miss detected the pedestrian on the road 

beside the vehicle. The next frame of the test image (c) showed in the test image (d). 

Test image (d) in Fig. 5.10 showed that the miss detected a pedestrian in the test image 

(c) is detected in the test image (d). Another similar detection results are shown in the 

test image (e) and test image (f) in Fig. 5.10. The undetected pedestrian is detected in 

the next video image. Part-based stacked C-DFN is implemented and investigated in 

the next section. 

 

  

Figure 5.10: Stacked three C-DFN detection results. 

5.3.3 Experiment on Stacked C-DFN Part-based VRUs Detection 

Part-based stacked C-DFN was developed to solve the pedestrian occlusion 

problem and improve the detection performance. Fig. 5.11 showed the part-based 

approach of stacked C-DFN. The stacked C-DFN was trained as a holistic pedestrian 

detection which is the same approach in section 5.3.2. The first C-DFN output 

(f) (e) 

(c) (d) 

(a) (b) 

(c) 
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bounding box used as a ROI for the following detection model. For the medium scale 

part-based VRUs detection, the VRUs is divided into two parts i.e. upper body and 

lower body [56]. Therefore, the training image for part-based VRUs detection was 

divided into the upper body part and lower body part to train the part-based C-DFN 

respectively. The upper body and lower body division is based on the body ratio stated 

in [56]. Upper body consists of head and neck (16%), and torso (34%) while the lower 

body consists of legs (50%). The ROIs obtained from the stacked C-DFN is then 

divided into two as the input for part-based C-DFN. The output of the part-based C-

DFN was the classification scores of the ROIs. The classification scores are then 

matched with the output BBs.   

 

 

 

Figure 5.11: Stacked C-DFN part-based detection. 

Test image (a) in Fig. 5.12 showed that three pedestrians in the image were 

detected successfully. As compared to the holistic VRUs detection result, the part-

based VRUs detection model had shown a significant improvement. Test image (b) in 

Fig. 5.12 showed the output of part-based C-DFN. The detection BB matched correctly 

with the ground truth BB. Test image (c) in Fig. 5.12 detected all the pedestrians 

correctly. The green BB label as 1 was set as ignored BB. Therefore, it is not 

considered in the detection evaluation. Test image (d) in Fig. 5.12 detected 50% of the 

pedestrians in the scene. Test image (e) in Fig. 5.12 showed all medium scale VRUs 

(30-80 pixels high) were detected correctly. Test image (f) in Fig. 5.12 showed a 

partially occluded pedestrian was detected. 

The overall detection results comparison between holistic VRUs and part-

based VRUs detection model were summarized in Table 5.2. Table 5.2 showed the 

average miss rate per image and false positive per image (FPPI) for testing set 6 to set 

10 of the Caltech pedestrian datasets. For holistic VRUs detection results shown in 

Table 5.3 and Table 5.4, 3 stacked C-DFN obtained the best performance which 

reduced 10.09% of the 2 stacked C-DFN’s miss rate and reduced 14.47% of the C-  

C-DFN 
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Figure 5.12: Stacked C-DFN part-based VRUs detection results. 

Table 5.2: VRUs detection results comparison. 

Categories C-DFN 2 Stacked C-DFN 3 Stacked C-DFN Part-based 

Miss Rate (%) 57.89 53.51 43.42 42.47 

FPPI 18.21 5.68 5.28 5.45 

 

DFN’s miss rate. C-DFN obtained the best performance which reduced 10.09% of the 

2 stacked C-DFN’s miss rate and reduced 14.47% of the C-DFN’s miss rate. The FPPI 

of the 3 stacked C-DFN reduced 0.4% of the 2 stacked C-DFN’s FPPI and reduced 

12.96% of the C-DFN’s FPPI. However, part-based model archived the lowest miss 

(a) (b) 

(d) (c) 

(f) 
(e) 
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detection rate and FPPI among all the detection models. Part-based model further 

reduced 0.95% of the 3 stacked C-DFN’s miss rate and similar FPPI as shown in Table 

5.5. Thus, it proves that the body parts verification helps the model to detect VRUs 

better.  

Table 5.3: Holistic VRUs detection results comparison between C-DFN and 3 

Stacked C-DFN. 

Categories C-DFN 2 Stacked C-DFN 3 Stacked C-DFN Average 

Miss Rate (%) 57.89 53.51 43.42 14.47 

FPPI 18.21 5.68 5.28 12.93 

 

Table 5.4: Holistic VRUs detection results comparison between 2 Stacked C-DFN 

and 3 Stacked C-DFN. 

Categories C-DFN 2 Stacked C-DFN 3 Stacked C-DFN Average  

Miss Rate (%) 57.89 53.51 43.42 10.09 

FPPI 18.21 5.68 5.28 0.40 

 

Table 5.5: Holistic VRUs detection results comparison between 2 Stacked C-DFN 

and 3 Stacked C-DFN. 

Categories C-DFN 2 Stacked 

C-DFN 

3 Stacked 

C-DFN 

Part-based Average 

Miss Rate (%) 57.89 53.51 43.42 42.47 0.95 

FPPI 18.21 5.68 5.28 5.45 0.17 

 

5.4 Summary 

In this chapter, the proposed model C-DFN was implemented into the VRUs 

detection system. C-DFN is a single pipeline model without using image pre-

processing and feature extraction method to detect VRUs. C-DFN utilize a deep 

architecture neural network trainable feature mechanism to shorten the traditional 

detection process. In addition, C-DFN simplified the training process and it is able to 

modify according to the application. First, the benchmark Caltech dataset was pre-



 

71 

 

processed before using it for training and testing the final model. In the training phase, 

the training images were extracted from the dataset videos. Positive images were 

extracted using the given ground truth BBs. Negative images were cropped randomly 

from the background of the road scene. The positive and negative images were then 

used to train C-DFN. In the testing phase, the uncropped test images were used as the 

input images for the trained C-DFN. In addition, the C-DFN was further modified into 

C-DFN holistic VRUs detection, stacked C-DFN holistic VRUs detection and part-

based VRUs detection model. For holistic VRUs detection results, 3 stacked C-DFN 

obtained the best performance which reduced 10.09% of the 2 stacked C-DFN’s miss 

rate and reduced 14.47% of the C-DFN’s miss rate. The FPPI of the 3 stacked C-DFN 

reduced 0.4% of the 2 stacked C-DFN’s FPPI and reduced 12.93% of the C-DFN’s 

FPPI. However, part-based model archived the lowest miss detection rate and less 

FPPI among all the detection models. Part-based model reduced 0.95% of the 3 stacked 

C-DFN’s miss rate. The body parts verification helps the model to detect VRUs better. 

Therefore, the part-based model can detect the medium scale VRUs even if the images 

are at low-resolution.    
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Chapter 6 Conclusions 

Vulnerable road users (VRUs) detection system plays an important role in 

reducing the number of fatalities on the road. There are many challenges in trying to 

detect VRUs on the road using a camera. The challenges are mainly due to the 

variability of VRUs appearance, weather conditions and variability of the background. 

This chapter summarizes the contribution of this research and its future potential. 

6.1 Summary and contributions 

In the third chapter of this thesis, a simple deep feedforward network (DFN) 

was developed as a baseline. DFN was then used to investigate the relationship 

between the activation functions and network performance. Saturation activation 

functions, unsaturated activation functions and adaptive activation functions were 

investigated in four layered DFN. The saturated activation function namely the 

hyperbolic tangent (tanh), a pre-processing algorithm known as the greedy layer-wise 

pretraining algorithm was developed to eliminate the vanishing gradient problem 

during the training process of the network. Adaptive activation function i.e. parametric 

rectified linear unit (PReLU) achieved the lowest misclassification rate i.e. 1.6% 

among all types of the activation function. PReLU activation function reduced 0.08% 

of leaky rectified linear unit (LReLU) activation function’s misclassification rate. 

Adaptive tanh was proposed to solve the tanh activation function saturation problem 

by adding two trainable parameters into the function. Adaptive tanh activation function 

shortens the tanh activation function training process. However, the misclassification 

rate of adaptive tanh is 1% higher than the tanh activation function.  

In addition, the importance of dataset randomization related to the performance 

of the deep architecture neural network (DNN) was explored. Different types of 

randomization of the input data could make a significant improvement to the network 

performance. The randomness of the input data forces DNN learn meaningful features 

from the raw data. Based on the experimental result #3 randomization method was 

proposed. #3 randomization method randomized the dataset before divided into mini 

batches. This method allowed each mini batch does not have an equal number of 

samples for each class. The proposed randomization method was then applied in every 

classification experiment in this research.  
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In chapter 4, three types of neural network layers i.e. convolutional layer (CL), 

subsampling layer (PL) and fully connected layer (FL) were investigated. Based on 

the experimental results, a convolutional deep feedforward network (C-DFN) was 

proposed. C-DFN used a CL as a trainable feature extractor and four layers of standard 

DFN used as a classifier. In addition, the performance of C-DFN was further 

investigated and compared with another network architecture such as DFN, DBN, and 

C-DBN. Experimental results showed that a CL with four FLs (C-DFN) performed 

better than DFN, DBN, and C-DBN using three datasets.  

C-DFN with LReLU reduced misclassification rate to the average of 9.41%. 

C-DFN with PReLU minimized the average of 9.22% misclassification rate. C-DBN 

with LReLU reduced misclassification rate to the average of 10.12%. C-DBN with 

PReLU reduced the average of 9.79% misclassification rate. Therefore, the CL acts as 

a trainable feature extractor improved the network performance significantly. 

Moreover, it reduced 14% of the trainable parameters in deep feedforward network. 

Based on the experimental results obtained from three different benchmark datasets, 

the trainable feature extractor is therefore applicable to different types of situations 

and applications.  

In chapter 5, the proposed C-DFN was implemented for VRUs detection task. 

C-DFN is a single pipeline model without using image pre-processing and feature 

extraction method to detect VRUs. C-DFN utilizes DNN trainable feature mechanism 

to shorten the traditional detection process. In addition, C-DFN simplified the training 

process and is able to modify according to the application. C-DFN was further 

modified into C-DFN holistic pedestrian detection, stacked C-DFN holistic pedestrian 

detection, and stacked C-DFN part-based pedestrian detection. For holistic VRUs 

detection results, 3 stacked C-DFN obtained the best performance which reduced 

10.09% of the 2 stacked C-DFN’s miss rate and reduced 14.47% of the C-DFN’s miss 

rate. The false positive per image (FPPI) of the 3 stacked C-DFN reduced 0.4% of the 

2 stacked C-DFN’s FPPI and reduced 12.96% of the C-DFN’s FPPI. However, part-

based model archived the lowest miss detection rate and less FPPI among all the 

detection models. Part-based model reduced 0.95% of the 3 stacked C-DFN’s miss 

rate. The body parts verification helps the model to detect VRUs better. Therefore, the 

part-based model can detect the medium scale VRUs even under low-resolution 

images.  
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6.2 Future directions 

The future direction and suggestions to design a better DNN for VRUs are 

required to improve the current drawbacks and limitations. First, the activation 

function is an important key to improve the network classification rate. However, the 

existing activation function still has room of improvement to avoid the DNN 

overfitting problem. In order to design a better activation function, there are several 

properties needed to be fulfilled: (a) nonlinearity (b) continuous differentiable, (c) 

range, (d) monotonic, (e) approximate identity near the origin. Adaptive linear 

piecewise activation function is expected to be the future trend to improve the DNN 

robustness and classification performance. In addition, this type of activation function 

can estimate the convex function and non-convex function by adjusting the linear 

piecewise function according to the training process of the DNN. Therefore, this type 

of activation function can reduce the DNN’s overfitting problem effectively.  

Second, DNN network structure is going deeper and wider to improve the 

classification rate and detection rate. However, this required supercomputer to shorten 

the processing time and a huge amount of training dataset is needed to tune the weights 

parameter of the DNN. There is a limited number of publications that discuss the 

design of DNN structure. Majority of the DNN structure papers only suggested adding 

more layers into the DNN structure. Therefore, this research investigated different 

types of combination network structure performance. The network structure 

investigation can be extended further to the new DNN structure such as AlexNet, and 

GoogLeNet to identify the necessity of going deeper and wider network to improve 

the accuracy and generalization of the network. 

Third, a larger benchmark dataset such as ImageNet benchmark dataset is 

required to improve its detection results of the proposed C-DFN. The training dataset 

used in this research is insufficient to train the deep architecture neural network to 

achieve adequate training rate. Moreover, a code optimization technique is required to 

apply on the algorithm design to enhance the real time pedestrian detection.  C-DFN 

can be further implemented to other VRUs detection systems such as cyclist and 

motorcyclist. C-DFN detection system can be used in other applications such as object 

detection and motorcyclist detection system by using object detection dataset and 

motorcyclist dataset. Regularization methods such as Dropout and DropConnect can 
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be adopted to reduce the redundant hidden neurons in the C-DFN. Besides that, the 

pre-processing methods to extract foreground information can be applied to shorten 

the region of interest (ROI) search region and simultaneously to reduce the FPPI for 

pedestrian detection. 
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Appendix A 
 

A1: Deep Belief Network  

Deep belief network consists of a generative architecture i.e. restricted Boltzmann 

machine (RBM) and a discriminative learning algorithm i.e. stochastic gradient 

descent. It is made up by stacking multiple layer of RBM. The training process of DBN 

had been divided into pre-training and fine-tuning process. Before stacking the RBM, 

every single layer of RBM is pre-trained unsupervised using contrastive divergence 

algorithm. After pre-training every layer of the RBM, the RBMs are stacked together 

to form a DBN. Finally, fine-tune the DBN using stochastic gradient descent 

backpropagation algorithm. 

A1.1: Pre-training 

 

Restricted Boltzmann Machine (RBM) is an undirected graphical model which 

consists of a visible layer and a hidden layer as shown in Fig. A1. RBM has a weight 

connection between visible and hidden units but there is no weight connection in 

between the visible-visible and hidden-hidden units.  

 

Figure A1: Restricted Boltzmann Machine. 

The energy of the joint configuration for the visible and hidden units is defined as: 

𝐸(𝑣, ℎ; 𝜃) =  − ∑ ∑ 𝑤𝑗𝑖𝑣𝑖ℎ𝑗

𝐼

𝑖=1

−  ∑ 𝑏𝑖𝑣𝑖

𝐼

𝑖

−  ∑ 𝑐𝑗ℎ𝑗

𝐽

𝑗

𝐽

𝑗=1

 (A1.1) 

where θ =  {𝑤, 𝑏, 𝑐} are the model parameters: 𝑤𝑗𝑖 denotes the symmetrical weights 

connection between visible units, i and hidden units, j; 𝑏𝑖 and 𝑐𝑗 are the bias terms for 

visible layer and hidden layer respectively. The marginal probability of the modal 

assigned to a visible vector, v is  
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𝑝(𝑣; 𝜃) =
∑ exp (−𝐸(𝑣, ℎ; 𝜃))ℎ

𝑧
 (A1.2) 

where z =  ∑ ∑ exp (−𝐸(𝑣, ℎ; 𝜃))ℎ𝑣  is a normalization factor or partition function. 

The derivative of the log-likelihood with respect to the model parameter 𝜃 is: 

𝜕 𝑙𝑜𝑔 𝑝(𝑣; 𝜃)

𝜕𝜃
= 𝐸ℎ [

𝜕𝐸(𝑣(𝑡), ℎ)

𝜕𝜃
| 𝑣(𝑡)] − 𝐸𝑣,ℎ [

𝜕𝐸(𝑣, ℎ)

𝜕𝜃
] (A1.3) 

where 𝐸ℎ[∙] denotes an expectation with respect to the data distribution and 𝐸𝑣,ℎ[∙] is 

an expectation with respect to the distribution by the model. However, the expectation 

𝐸𝑣,ℎ[∙] is hard to compute. Therefore, contrastive divergence is used to approximate 

the expectation 𝐸𝑣,ℎ[∙] in Eq. (A1.3).  

Contrastive divergence (CD) is a training algorithm which consists of one step Gibbs 

sampling. It updates all the hidden units using Eq. (A1.4) followed by updating all the 

visible units in parallel using Eq. (A1.5) to obtain the reconstruction samples by the 

model. The conditional distribution over a hidden neurons h and visible vector v in the 

RBM is defined as follows: 

p(ℎ0𝑗 = 1|𝑣0) =  
1

1 + exp (−(𝑐𝑗 + ∑ 𝑤𝑗𝑖𝑣𝑖𝑗 ))
  (A1.4) 

p(𝑣1𝑖 = 1|ℎ0) =  
1

1 + exp (−(𝑏𝑖 + ∑ ℎ0𝑗𝑤𝑗𝑖𝑖 ))
 (A1.5) 

where 𝑥0 and ℎ0𝑗 is the sampling for visible and hidden layer at time 0 respectively. 

𝑥1𝑖 is the reconstructed visible samples by the model. The weights is then updated 

based on the following equation: 

∆𝑤𝑗𝑖 =  𝜂 (𝐸𝑑𝑎𝑡𝑎(𝑣𝑖ℎ𝑗) − 𝐸𝑚𝑜𝑑𝑒𝑙(𝑣𝑖ℎ𝑗))  

=  𝜂(p(ℎ0𝑗 = 1|𝑥0)𝑥0
′ − p(ℎ1𝑗 = 1|𝑥1)p(𝑥1𝑖 = 1|ℎ0)′) (A1.6) 

where 𝜂 is the learning rate, 𝑥0
′  is the transposed visible layer. The input bias b updates 

in RBM is: 

∆𝑏 =  𝜂(p(ℎ0𝑗 = 1|𝑥0) − p(ℎ1𝑗 = 1|𝑥1)) (A1.7) 

The hidden bias c updates in RBM: 
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∆𝑐 =  𝜂(𝑥0 − p(𝑥1𝑖 = 1|ℎ0)) 
(A1.8) 

where 𝑥0 is the input data. 

After training a layer of RBM, a new layer of RBM is stacked on the top of the trained 

RBM and the input layer of the new RBM is the hidden layer of the previous RBM. 

This training method is also known as the greedy layer-wise pre-training. The overall 

procedure of this pre-training method is shown as follows: 

1) First, an RBM (v, h1) is trained by using CD learning procedure and all 

parameters of trained RBM are fixed. 

2) Then, a new RBM (h1, h2) is stacked on the top of trained RBM and the same 

procedure in step (1) is repeated. 

3) After all layers of DBN is pre-trained, fine-tuning in backpropagation manner 

is carried out to adjust the weights layer by layer jointly to improve the 

performance of the network. 

 

Figure A2: Gibbs sampling. 

A1.2: Fine-tuning 

Fine-tuning is the training process applied for all the layers in deep belief network 

(DBN) after the pre-training process is completed. In this chapter, stochastic gradient 

descent training algorithm is used to fine-tune all the weights parameter in DBN. The 

error energy of the output layer neurons, k is given by: 

𝐸(𝑛) =
1

2
∑ 𝑒𝑘

2(𝑛)

𝑘∈𝐶

 (A1.9) 

where C denoted all neurons in the output layer of DBN. An average error is computed 

by summing 𝐸(𝑛) over all n and divided by the total number of example N. 
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𝐸𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
1

𝑁
∑ 𝐸(𝑛)

𝑁

𝑛=1

 (A1.10) 

The error signal 𝑒(𝑛) at the output 𝑦(𝑛) at 𝑛 training example is defined by: 

𝑒𝑘(𝑛) = 𝑑𝑘(𝑛) − 𝑦𝑘(𝑛) 
(A1.11) 

where 𝑑𝑘(𝑛) is a vector of the targeted output for n training examples. The 

backpropagation algorithm applies a correction Δ𝑤𝑗𝑖(𝑛) to weight 𝑤𝑗𝑖(𝑛) by using the 

delta rule: 

 Δ𝑤𝑗𝑖(𝑛) =  𝜂𝛿𝑗(𝑛)𝑦𝑖(𝑛) 
(A1.12) 

where 𝜂 denotes learning rate, 𝑦𝑖(𝑛) input signal of neuron j. The correction weight 

by adding momentum to increase the speed of learning is given as follows: 

∆𝑤𝑗𝑖(𝑛) = 𝛼∆𝑤𝑗𝑖(𝑛 − 1) + 𝜂𝛿𝑗(𝑛)𝑦𝑖(𝑛) 
(A1.13) 

where 𝛼 denotes the momentum constant, ∆𝑤𝑗𝑖(𝑛 − 1) is the last correction weight. 

The local gradient for the output layer 𝛿𝑘(𝑛) which is equal to the product of the 

corresponding error 𝑒𝑘(𝑛) and the derivative 𝑦𝑘
′ (𝑣𝑘(𝑛 )) of the activation function. 

𝛿𝑘(𝑛) =  𝑒𝑘(𝑛)𝑦𝑘
′ (𝑣𝑘(𝑛 )) 

(A1.14) 

The local gradient for hidden layer 𝜹𝒋(𝒏) is defined by: 

𝛿𝑗(𝑛) =  𝑦𝑗
′(𝑣𝑗(𝑛 )) ∑ 𝛿𝑘(𝑛)𝑤𝑘𝑗(𝑛)

𝑘

 
(A1.15) 

where the local gradient 𝛿𝑗(𝑛) is the changes required in weights.  

 


