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ABSTRACT          

  

 

COMPREHENSIVE VISIBILITY INDICATOR ALGORITHM FOR ADAPTABLE 

SPEED LIMIT CONTROL IN INTELLIGENT TRANSPORTATION SYSTEMS 
    

 

  

 

Li Yang                            Advisors: 

University of Guelph, 2018                     Dr. Radu Muresan 

                               Dr. Arafat Al-Dweik 

  

      

Posted road speed limits contribute to the safety of driving, yet when certain driving 

conditions occur, such as rain, snow or fog, they become less meaningful to the drivers. To 

overcome this limitation, there is a need for adaptive speed limits system to improve road 

safety under varying driving conditions. In that vein, a visibility range estimation method 

for real-time adaptive speed limits control in intelligent transportation systems using three 

algorithms, namely, the improved dark channel prior (DCP) and grayscale image entropy 

(GIE), and the support vector machine (SVM) classifier is proposed in this thesis. The 

information required to specify the speed limit is captured via a road side unit that collects 

environmental data and captures road images, which are then analyzed locally or on the 

cloud. The proposed system results exhibit 15.13% accuracy enhancement over the other 

considered techniques such as the conventional DCP and GIE.  
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CHAPTER 1 

INTRODUCTION 

Transition from a city to a “smart city” potentiates enhanced quality, performance and 

interactivity of urban services, in an effort to improve the quality of city life. Being a central 

part of smart cities, Intelligent Transportation Systems (ITSs) have been applied to 

numerous areas, including relieving traffic congestion, reducing traffic accidents, fuel 

consumption and pollution [1]. An ITS often collects data from a variety of sources 

including sensors and cameras, and analyses them to provide users with useful information. 

Our research aims to develop a real-time visibility estimation system in ITS to warn drivers 

about poor driving conditions, therefore improving road safety. 

Car accidents is a pressing issue in the modern society, with a large number of collisions 

occurring annually. In 2013, 1.24 million people were killed in car accidents around the 

world. In other words, every 25 seconds, a life is taken away because of car accidents [2]. 

The financial losses caused by car accidents are also huge. For instance, in 2008, the cost 

of car accidents in the United States alone was about US $164.2 billion [3]. The cost of car 

accidents includes property damages, hospitalization costs, productivity losses, police 

services and loss of lives. Speeding is a dangerous driving behavior, especially on the 

highways, easily leading to serious accidents [4]. However, 73% of fatal accidents occur 

at low speeds of less than 55km/h [5, p. 79], which is due to the fact that posted speed 

limits are optimized to the road conditions, but they often ignore the variable weather 

conditions. In order to improve road safety, speed limits should be based on both the road 

and weather conditions, and should be updated in real-time. Therefore, drivers will become 
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aware of the safe speed that they should travel at and could maintain an appropriate safety 

distance between cars [6]. Speed adjustment and safety distance maintenance can prevent 

traffic collisions and stop-and-go traffic behavior, which may also reduce the emission of 

carbon dioxide and other greenhouse gases [7].  

Adaptive speed limits (ASLs) is a useful technique that can be applied into ITS. The 

definition of ASLs is proposed in [8]. The ASLs systems include hardware and software 

components. They often receive data collected by weather/traffic sensors through wired or 

wireless networks. After analysis and calculation, appropriate speed limits are then 

disseminated to drivers via variable speed limit signs. In [7], an ASL is sent to a vehicle in 

order to avoid stop-and-go behaviors when in congested traffic. 

Researchers have been using some in-vehicle notification systems to monitor speed 

limits by identifying speed limit signs using image processing algorithms [9]. The 

limitation is that the camera installed in the vehicle must have a clear sight of the traffic 

signs. Also, adjusting speed based solely by posted speed limits is not enough. ASL values 

in an ITS are often adjusted according to weather, road and driving conditions. A 

technology to help prevent accidents for ITSs is proposed in [6], it calculates an adjusted 

speed according to a predefined safety distance between vehicles. In [10], a method is 

proposed to get a weather-responsive variable speed limit regarding several types of 

adverse weather such as snow and rain. Some ITS have been developed to reduce the effect 

of adverse weather conditions on driving behavior [11]. Although regional weather 

forecasts are often available, they are not enough to provide the road and driving conditions 

[11]. 
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Two of the main factors that have a direct impact on driving speed adjustment are 

visibility and traffic congestion [12]. In limited visibility conditions, car accidents occur 

often because motorists cannot see objects at a sufficient distance that enables them to stop 

or slow based on the behavior of other leading vehicles [13]. A safe driving speed can be 

computed if we can monitor the visibility on the roads in real-time or quasi-real-time [14]. 

Thus, traffic accidents can be avoided if poor visibility and a safe driving speed are 

conveyed to motorists in a timely manner. 

Extreme weather conditions such as rain, snow, fog, dust, sand, smog or any 

combination of them cause drivers to find it difficult to clearly see the road ahead of them 

[13]. Each of the weather conditions affects the visibility by a different level, and for a 

different time and duration. For example, snowy weather often results in poor visibility, 

especially during snowstorms [15]. Foggy weather condition is a common trigger for lower 

visibility, therefore, intelligent fog detection and visibility estimation based on fog have 

been considered widely in the literature [16]-[18]. Darkness is another main source for 

limited visibility that is mostly faced during night-time driving, particularly for roads with 

few or even no street lightings [18].  

In addition, for traffic congestion, it is crucial to give drivers reduced speed limit values 

at certain distance from the congestion point to reduce the chance of multiple-vehicle 

collision. Moreover, slowing down the traffic reduces the congestion and lowers the 

environmental consequences. Therefore, visibility due to environmental and road 

conditions should be considered as one of the main references for speed limit control 

systems. 
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Measuring visibility accurately is difficult due to two main reasons [13]. First, the 

visibility can be affected by many parameters such as light sources and absorption, and 

hence, human-perceived visibility is difficult to estimate accurately. Second, visibility can 

be represented by a value only when the atmosphere is uniform, which seldom happens 

because weather conditions often change rapidly. Images and videos are typically the main 

sources to judge visibility, so cameras mounted on roadside units (RSUs) and in-vehicle 

devices have been used to collect data to measure visibility in [16], [17] and [19]. In [20], 

the authors use on-board camera to collect images and estimate visibility. Furthermore, 

vehicle-to-infrastructure (V2I) communication can be used to connect the devices and 

perform analysis [21]. 

In many papers, image processing algorithms are often used to estimate visibility. 

Measuring the brightness and contrast of a target against a background are used to estimate 

the visibility as reported in [22]. In [15], gray scale levels are extracted from images to 

indicate visibility because they can reflect some information about visibility. High-pass 

filters including Gaussian high-pass filter and homomorphic filter are also used to measure 

atmospheric visibility [23]. Machine learning algorithms are used to estimate visibility as 

well, for example, the authors in [16] use a neural network approach (light propagation) 

for estimating visibility distances. In [24], the authors propose support vector machine 

(SVM) approach to classify images and estimate the visibility. 

In this thesis, a new visibility algorithm is proposed for integration within related ITS, 

which employs portable, low-power and low-cost Scalable Enhanced Road Side Units 

(SERSUs) [25], [26]. In the adopted ITS, the master control center server collects and 

analyzes the road and traffic information, adjusting the speed limit of each road and sending 
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the adjusted speed limit to the drivers. This system, namely Speed Adaptive Traffic Control 

System (SATC), provides an adjusted speed limit value for each portion of the road, 

according to its current weather and road conditions. The adjusted speed limit values are 

then sent to each SERSU using fourth generation cellular wireless networks (4G), or the 

upcoming fifth generation (5G). In addition, the drivers can also register through a mobile 

application to receive the adjusted speed values directly to their cellular devices. 

In this thesis, detecting and estimating the visibility in real time is performed by using 

a new technique that involves three main algorithms from image processing and machine 

learning fields, which are used to analyze the collected road images. In particular, an 

improved version of the dark channel prior (DCP) algorithm [27], [28] is used to detect 

and calculate the current fog density from foggy images. Fog density is a relative value to 

reflect the visibility in some poor weather conditions. However, DCP is aimed to analyze 

fog images, thus, it cannot accurately detect other poor visibility conditions such as dark 

environments at nights [27]. As a result, Gray-scale Image Entropy (GIE) [29], [30] is 

further utilized to extract the grayscale distribution information in an image, which then is 

used to calculate the visibility degree of the images. In addition, in order to optimize the 

results calculated by DCP and GIE, a Support Vector Machine (SVM) [24], [31] classifier 

is employed to classify the images into several categories by different visibility indicators, 

therefore creating a dynamic library. Each new image is compared to the existing images 

in the library and an appropriate level value that reflects the visibility is derived for the 

current image. Each algorithm (DCP, GIE, and SVM) generates a visibility value that is 

further used to estimate the final visibility degree indicator of the current road conditions, 

which then can be used to adjust the speed limit for the current road accordingly. Initial 
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experimental results from the application of the proposed approach to SATC provide a 

validation basis for the feasibility of the developed methodology. 

1.1 Thesis Motivations and Objectives 

Traffic accidents have caused heavy losses and speeding is a main reason for them. 

Therefore, speed limit control is a key element in ITSs, which is used to reduce the 

probability of accidents by setting the speed limit to values that suit the road conditions. 

Since posted speed limits are optimized to the regular road conditions and variable weather 

conditions are often ignored, speed limits should be based on both, the road and weather 

conditions, and updated in real-time. Poor visibility caused by adverse weather conditions 

should be considered for adaptive speed limit control to better improve road safety on the 

basis of current ASLs techniques since many developed techniques are only effective for a 

certain weather condition such as dense fog or snowstorms and have large errors when 

applied to some other weather conditions. 

The main objective of this thesis is the development of a comprehensive visibility 

indicator method for adaptive speed limit control in ITSs. The visibility indicator should 

be effective when considering various weather conditions including foggy, rainy, snowy 

and dark conditions. This method should be a comprehensive technique which can be based 

on some existing effective and mature algorithms, and have a higher accuracy. Moreover, 

the system should be connected to our SERSUs developed in our previous project and 

transmit a real-time visibility value to the motorists. 
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1.2 Thesis Contributions 

This thesis introduces a novel visibility estimation method for ASL control in ITSs. The 

main contributions of the proposed technique are: 

 Takes advantage of three common algorithms, DCP, GIE and SVM, and generates 

effective results under foggy or other driving conditions 

- An improved fast DCP algorithm is proposed in order to improve performance 

and support portability. 

- The results obtained by using the proposed method exhibit 15.13% accuracy 

enhancement over the other algorithms such as conventional DCP or entropy. 

 Processes the images collected from designed SERSUs and sends a real-time 

visibility reference level to the motorists in order to improve road safety when poor 

driving conditions occur. 

 Defogs the collected real highway images and generates a defogged and clear image 

for potential further analyses by the server. 

 Helps the publication of a journal paper named “Real-Time Visibility Estimation 

Algorithm for Intelligent Transportation Systems”. The paper has been submitted to 

IEEE Transactions on Intelligent Transportation Systems on Feb 9th, 2018. 
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1.3 Thesis Organization 

This thesis is organized as follows. Chapter 1 presents a general introduction to the 

thesis. Chapter 2 provides a review of the background information that is relevant to this 

work, including the ITS overview, SERSU design, visibility measurement, poor visibility 

formation model, basic knowledge of DCP, entropy and SVM. Chapter 3 provides a 

literature review on topics such as general ITSs, speed limit control and visibility 

estimation methods. Chapter 4 discusses the implementation of the proposed methodology. 

The proposed methodology improves DCP and applies entropy and SVM, and combines 

these three algorithms to generate a comprehensive visibility indicator. In Chapter 5, the 

experimental results and their analyses are provided to demonstrate the system 

performance. The results of the proposed method and other conventional methods are 

shown to compare their accuracy. Chapter 6 concludes the work and propose possible 

future work directions that could be taken. 
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CHAPTER 2 

BACKGROUND 

 ITSs are complex and have numerous designs covering various functionalities. In this 

project, we have built on our RSU design and propose the next generation RSU for ITSs, 

a low-cost, multi-functional and scalable-enhanced road side unit (SERSU). The SERSU 

is designed to serve potential parts of our ITS and the major system described in this thesis 

is SATC. In Section 2.1, the proposed ITS system overview and the SERSU designed by 

previous students in our project [25] [26] are shown.   

On the other hand, the main concern of speed limit control in this thesis is visibility 

estimation and the three main techniques used in our system are DCP, GIE and SVM. In 

Section 2.2, the principles of visibility measurement are introduced to claim the 

conventional visibility detection method. In Section 2.3, the foggy image formation model 

is shown to present the reason for visibility attenuation. In Section 2.4, 2.5 and 2.6, the 

relevant background knowledge of the algorithms used in our system, including the 

principles of DCP, GIE and SVM, is provided to give a better understanding.  

2.1. ITS System 

2.1.1 Intergraded ITS System Overview 

In previous work of this project, we propose our wireless ITS with SERSU function. The 

proposed SATC scheme serves as a module in a more general multifunctional ITS in [26], 

which also includes a Pollution Adaptive Traffic Control System (PATC) and a Weather 
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Information System (WIS). A SERSU is further included. The integrated ITS contains a 

server namely, Master Control Center (MCC), and the communication between the MCC, 

SERSU and vehicles is realized using wireless cellular network and Radio Frequency (RF) 

communication.  

An overall block diagram of the ITS is depicted in Figure 2.1. The main components of 

the system are as follows. 

1) Speed Adaptive Traffic Control System (SATC): The SATC is one functionality 

provided by the MCC. Within this system, the speed limits for each part of the road is 

adaptable and is based on calculated real-time current visibility indicators. The system will 

transmit adaptive speed limits referencing the posted speed limits of the roads to individual 

SERSU modules using 4G/5G (fourth/fifth Generation) cellular network. The adjusted 

speed values will then be transmitted to the passing vehicles through RF or cellular network 

communication. In addition, the drivers also have access to the relevant data by using the 

cell phone application we have designed. People will get warnings and notifications from 

MCC to their cellular devices when the visibility is poor and they can adjust their speed to 

the new posted speed limits from their apps. 

2) Master Control Center (MCC): The MCC is the server that is monitored and 

controlled by the administrator. It receives information from SERSU modules placed by 

the roads and provides the processed and analyzed data to the passing vehicles. It 

communicates with SERSU modules by using 4G/5G cellular network. 

 3) Scalable Enhanced Road Side Unit (SERSU): The SERSU is a portable, low-power, 

low-cost modular device placed on the road side and is used to collect and transmit data to 

the MCC. The device is also able to communicate with the passing vehicles by RF and/or 
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cellular communication. The main functionalities of the SERSU are capturing and storing 

road images, recording weather and pollution information such as, temperature, humidity, 

atmospheric pressure and CO2 density, as well as transmitting information to the MCC.  

4) In-Vehicle Unit (IV-Un) and Cell Phone Application: They are also called receiving 

devices and are in vehicles and drivers’ mobile phones. They receive updated speed limits 

from the MCC and SERSU and notify the drivers. 

 

Figure 2.1:  ITS system overview 

2.1.2 SERSU Design 

The proposed SERSU design includes data collection and communication [26]. The 

SERSUs are portable, low-cost, low-power and flexible. These units can be installed along 

the highways, such as on the utility poles or other designated spots to monitor the traffic 
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conditions. The modular design of the SERSU is shown in Figure 2.2 and the major 

components of the SERSU are as follows. 

  

Figure 2.2: Proposed SERSU block diagram 

1) Control Unit Module: This module forms the control unit and is the core of the 

SERSU. It is responsible for functionality and interfacing with the other modules. All 

functions including data collection, monitoring, communication, processing and storage 

are controlled by it. 

2) Wireless Cellular Modem: This is an embedded cellular modem which is responsible 

for all communication using a wireless Machine-to-Machine (M2M) connection over the 



13 

 

4G or 5G networks. The embedded cellular modem integrated as part of the SERSU also 

improves the portability.  

3) Road Image Module: This module consists of a low-power camera used to collect 

road images for monitoring current road and traffic conditions. Its major function is to 

identify the adverse driving conditions such as poor visibility and traffic congestion. The 

captured images can be stored for initial processing and then transmitted to the MCC over 

the 4G or 5G networks. 

4) Data Storage Module: This includes a Secure Digital Memory Card (SD card) and 

the interface. The images and sensor logs are stored on the SD card. 

 5) Weather Monitoring Sensors Module: This module includes various sensors to 

monitor weather conditions such as temperature, humidity and atmospheric pressure. The 

collected data are recorded as sensors logs and stored in the Data Storage Module. 

 6) Pollution Monitoring Sensors Module: This module includes sensors to monitor 

pollution and emissions. For example, a CO2 sensor can be used in this module to monitor 

exhaust emissions. 

7) RF Module: This module implements RF communication between SERSUs and 

receiving units as well as passing vehicles to send warnings and suggestions. 
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2.2 Principles of Visibility Measurement 

The theoretical basis of visibility measurement is Koschmieder's law [32]. It associates 

the apparent luminance of objects with background sky on the horizon, thereby finding the 

relationship of visibility and the extinction coefficient of the atmosphere. If the sky is used 

as the background and we observe the object whose intrinsic luminance is 𝐿0 , the 

relationship between its apparent luminance 𝐿 and observation distance 𝑑 is as follows 

[33]: 

𝐿 = 𝐿0 e
−𝑘𝑑 + 𝐿𝑓(1 − e

−𝑘𝑑),           (2.1) 

where 𝐿𝑓 represents the sky luminance and k is the extinction coefficient of the atmosphere. 

 Based on Koschmieder's law, Duntley proposed the attenuation law of atmospheric 

contrasts [33]:  

𝐶 = 𝐶0 e
−𝑘𝑑,               (2.2) 

where 𝐶0 denotes the intrinsic contrast of the object against the background and 𝐶 is the 

apparent contrast at distance d. The ratio of 𝐶 and 𝐶0, represented by 𝜀 = 𝐶/𝐶0 is named 

contrast threshold and is defined by International Commission on Illumination [34]. The 

meteorological visibility distance 𝑉𝑚𝑒𝑡 is also defined as the greatest distance at which a 

black object (𝐶0 = 1) can be seen: 

𝑉𝑚𝑒𝑡 = −
1

𝑘
ln(0.05) ≈

3

𝑘
.           (2.3) 

This is the conventional visibility detection method and its main objective is to find 𝑘. 
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2.3 Foggy Image Formation Model 

Haze is the main reason for poor visibility. In computer vision and computer graphics, 

the foggy image formation model can be described as [27]: 

𝐈(𝐱) = 𝐉(𝐱)𝑡(𝐱) + 𝐀(1 − 𝑡(𝐱))                      (2.4) 

where, 𝐈(𝐱) represents the light intensity of a foggy image, 𝐉(𝐱) is the light intensity of the 

original image without fog, 𝐀 is the global atmospheric light composition parameter, and 

𝑡(𝐱) is the transmittance which describes the ratio of “the light that reaches the camera” to 

“the whole light reflected from the object”.   

In addition, the term 𝐉(𝐱)𝑡(𝐱) in (2.4) is called direct attenuation, which denotes the 

intensity of light that reaches the camera from the object. The other term 𝐀(1 − 𝑡(𝐱)) is 

called airlight, which describes the intensity of ambient light that reaches the camera. 

Therefore, 𝐈(𝐱) is the final light intensity. The atmospheric scattering model (also known 

as the foggy image formation model) is described in Figure 2.3.  

 

Figure 2.3: Atmospheric scattering model 
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In equation (2.4), 𝐈(𝐱) is known and the goal is to find the original light intensity of a 

non-foggy image 𝐉(𝐱). However, this equation can have countless solutions unless some 

prior information is available, namely, the estimate of atmospheric light composition 𝐀 and 

the transmittance 𝑡(𝐱) based on the estimated value of 𝐀. 

Given that 𝐀 is known, the vector 𝐈 in equation (2.4) can be normalized for each color, 

which yields: 

𝐼𝑐(𝐱)

𝐴𝑐
= 𝑡(𝐱)

𝐽𝑐(𝐱)

𝐴𝑐
+ 1 − 𝑡(𝐱) (2.5) 

where 𝑐 ∈ {𝑅, 𝐺, 𝐵}, and {𝑅, 𝐺, 𝐵} correspond to red, green and blue colors, respectively. 

Assuming that 𝐽𝑐 is color channel of 𝐉 and Λ(𝐱) is a local patch centered at 𝐱 (also called 

the neighborhood area of the pixel 𝐱), and the initial transmittance 𝑡(𝐱) in each patch Λ(𝐱), 

denoted as �̃�(𝐱) , is a constant, then the minimum values for both sides of (2.5) are 

calculated as: 

min
𝒚∈Λ(𝐱)

(min
𝑐

𝐼𝑐(𝐲)

𝐴𝑐
) = �̃�(𝐱) min

𝐲∈Λ(𝐱)
(min

𝑐

𝐽𝑐(𝐲)

𝐴𝑐
) + 1 − �̃�(𝐱)     (2.6) 
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2.4 Dark Channel Prior  

DCP can be effectively used for single image defogging as reported in [27]. DCP is 

based on a large amount of observation and summarization on the non-sky component of 

foggy outdoor images. In most non-sky part of the images, some pixels always have very 

low values, at least in one color channel. Therefore, 

𝐽dark(𝐱) = min
𝐲∈Λ(𝐱)

(min
𝑐
𝐽𝑐(𝐲)) = 0.           (2.7) 

Since 𝐴𝑐 > 0, then 

min
𝐲∈Λ(𝐱)

(min
𝑐

𝐽𝑐(𝐲)

𝐴𝑐
) = 0.            (2.8) 

Substituting the above equation into (2.6) yields 

�̃�(𝐱) = 1 − min
𝐲∈Λ(𝐱)

(min
𝑐

𝐼𝑐(𝐲)

𝐴𝑐
) .           (2.9) 

Consequently, �̃�(𝐱) in (2.9) is an estimate of the transmittance. 

According to the DCP theory, in the dense fog area of a foggy image I, the grayscale 

value of its dark channel image 𝐽dark is significantly increased. Each pixel 𝐽dark(𝑥, 𝑦) in 

the dark channel image is the minimum pixel value in the neighborhood area of pixel (𝑥, 𝑦) 

in the original image. As a consequence, the grayscale value can be used to indicate the fog 

density. In real life scenarios, there are still some vapor particles floating in the air even if 

the weather is good, and the impact of such cases can be noticed when observing far objects. 

In addition, people can feel the different depths of objects with the existence of fog. 

Therefore, it is necessary to retain a small degree of fog when defogging. This can be 

achieved by introducing a factor 𝜔 in [0, 1] in (2.9). The modified equation is: 
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�̃�(𝑥) = 1 − ω min
𝒚∈Λ(𝐱)

( min
𝑐∈{𝑟,𝑔,𝑏}

𝐈𝑐(𝒚)

𝐴𝑐
)          (2.10) 

In the above-mentioned inferences, it is assumed that the global atmospheric light 𝐀 is 

known. In practice, 𝐀 can be obtained from the foggy image by processing its dark channel 

image. The specific steps are [27]: 

1) Extract the 0.1% brightest pixels from the dark channel image according to the 

brightness. 

2) Find the value of the pixel with the maximum brightness on the corresponding 

position in the original foggy image 𝐈 and use it as the estimated value of 𝐀, denoted 

as �̂�. 

Since the DCP uses a segmentation method in image processing, the initial transmission 

graph has some obvious blobs, resulting in poor preservation of the edges of the image. 

Therefore, the authors in [27] use the soft matting process proposed in [35] to obtain the 

optimal transmission graph 𝑡(𝐱). It is worth noting that when the value of the transmission 

graph �̃�(𝐱) is very small, it will cause the value of 𝐉 to be too large, and hence, the image 

is excessively transferred to the white field. Therefore, it is useful to set a threshold value 

𝑡0 for �̃�(𝐱). If the value of �̃�(𝐱) is less than 𝑡0, then �̃�(𝐱) =  𝑡0. On the basis of equation 

(2.10), the image after defogging can be derived by: 

�̃�(𝐱) =
𝐈(𝐱)−�̂�

max(�̃�(𝐱),𝑡0) 
+ �̂�              (2.11) 

where �̃� is the image after defogging, 𝐈 is the foggy image and 𝑡0 is a constant coefficient 

to reduce the image noise. 

In the solving process of DCP algorithm [27], the neighborhood minimum value of each 

pixel of the image is needed, and the computational complexity non-linearly increases with 
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the increase of the neighborhood. In addition, the soft matting process needs to construct 

the Matting Laplacian matrix whose size is the height of the image multiplied by its width. 

Therefore, the spatial and time complexity of the algorithm increases rapidly, as the number 

of pixels in the image increases. The algorithm is time-consuming and has high 

computational complexity, which makes it difficult to be widely used in real-life 

applications. Furthermore, this algorithm cannot be applied to videos with strict real-time 

requirements. These issues are addressed in the proposed improvements described in detail 

in Section 4.1.  
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2.5 Entropy 

2.5.1 Information Entropy 

Entropy refers to the degree of chaos in a system. It has important applications in the 

fields of cybernetics, probability theory, number theory, astrophysics and life sciences. It 

also has more specific definitions in different subjects, so entropy is a common and 

important parameter in various fields. Entropy was proposed by Rudolf Clausius [36] in 

1850 and applied to thermodynamics. In thermodynamics, entropy is a physical quantity 

that indicates the degree of disorder in a molecule's state. Afterwards, Claude Elwood 

Shannon [37] introduced the concept of entropy into the information theory for the first 

time. Information entropy describes the uncertainty of sources. In other words, if the data 

in the information is disordered, its entropy is high; if the data in the information is well-

organized, its entropy is low. 

The entropy (average self-information) of any discrete source is obtained by using the 

concept of information entropy from information theory. Self-information is a random 

variable and it refers to the amount of the information issued by a message. The amount of 

information in a message has a direct relationship with its uncertainty. The messages are 

different and the amount of information they contain is also different. The amount of 

information from any message does not represent the average amount of information 

contained in the source and it cannot be measured as the information of the entire source. 

As a result, the mathematical expectation from the amount of information is defined as the 

average self-information of the source [38]: 
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𝐻(𝑥) = 𝐸 [log
1

𝑝(𝑎𝑖)
] = −∑𝑝(

𝑛

𝑖=1

𝑎𝑖)log𝑎𝑖 
 

(2.12) 

Where 𝑎𝑖  represents an element in a data set {𝑎1 , 𝑎2 , 𝑎3 ,… 𝑎𝑖, … 𝑎𝑛 }, 𝑝(𝑎𝑖)  is the 

probability of the occurrence of 𝑎𝑖 and 𝐸(∙) is its expectation. 

The information entropy 𝐻 of the message source considers the statistical characteristics 

of the entire source and it represents the overall characteristics of the source from the 

average. For a particular source, there is only one entropy for it. Different message sources 

have different entropy values because of statistical characteristics. 

 

2.5.2 Image Entropy 

The image entropy is expressed as the average number of bits in the grayscale sets of the 

image [39], and its unit is bit/pixel, which reflects the average amount of information in 

the image. The one-dimensional entropy of an image represents the amount of information 

contained in the aggregate feature of the grayscale distribution in the image. Let 𝑃𝑖 

represents the proportion of pixels with the grayscale value of 𝑖 in the whole image. Then, 

𝑃𝑖 =
𝒩(𝑖)

ℎ×𝑤
                  (2.13) 

where 𝒩(𝑖) represents the number of pixels with the gray scale value of 𝑖, ℎ is the height 

of the image in pixels, and 𝑤 is the width of the image in pixels. As a result, 𝑃𝑖 is also the 

probability that a specific grayscale value appears in the image and can be obtained from a 

grayscale histogram. Furthermore, the entropy 𝐻(𝑝) of the image is defined as: 
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𝐻(𝑝) = −∑𝑃𝑖 ln(𝑃𝑖).

255

𝑖=0

 

 

(2.14) 

From equation (2.14), it can be observed that the higher the entropy, the higher the 

degree of disorder, and the more information the image contains. 

As an example, four different images are shown in Figure 2.4 to describe the image 

entropy. Figure 2.4a is a full white image and its entropy is 0. Figure 2.4b is a full black 

image and its entropy is also 0. Then we can see a black and white image, Figure 2.4c, its 

entropy is bigger than 0 because it has different colors. Figure 2.4d has a bigger entropy 

than Fig. 4c because it has more complex pixel distribution and its degree of disorder is 

higher. To summarize, we can distinguish various kinds of images by their entropy values. 

    

a) b) c) d) 

Figure 2.4: Sample images for image entropy introduction 

 

2.5.3 Weighted Entropy 

In many cases, for a random variable, there would be a different meaning for each event 

to the receiver. If we consider different meanings for different events and give weights to 

them, the information entropy proposed by Shannon should be adjusted to weighted 

entropy [40]. On the basis of equation (2.12), the definition of weighted entropy is as 

follows:  
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𝐻𝑤(𝑥) = −∑𝑤𝑖𝑝(

𝑛

𝑖=1

𝑎𝑖)log𝑎𝑖 
 

(2.15) 

Where 𝑎𝑖 represents an element in a data set {𝑎1, 𝑎2, 𝑎3,… 𝑎𝑖, … 𝑎𝑛},  𝑝(𝑎𝑖) is the 

probability of the occurrence of 𝑎𝑖 and 𝑤𝑖 is the weight of 𝑎𝑖. 

 Therefore, the weighted entropy considers the degree of importance of each event for 

the receiver and the calculated average information (entropy) is more practical than the 

conventional information entropy. 
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2.6 Support Vector Machine  

Support Vector Machine [31] technique has shown many unique advantages in solving 

low sampled, nonlinear and high dimensional pattern recognition problems. It is also 

commonly applied in function fitting and other machine learning problems. In machine 

learning, SVM is a supervised learning model related to the relevant learning algorithms, 

which can analyze data, identify patterns, classify and perform regression analysis. 

SVMs are based on linear separation, but not all data can be linearly separated. For 

instance, two sets of points in a two-dimensional space may require a curve instead of a 

straight line to separate their boundaries. The principle of SVM is to map the points from 

low-dimensional space into high-dimensional space, making them linearly separable; and 

then use the principle of linear division to judge the classification boundary. This is a linear 

separation in high dimensional space, while it is a non-linear separation in the original data 

space. Instead of finding the mapping algorithm from low-dimensional to high dimensional 

space, which is implicit in its kernel function, here, the SVM is used as an optimization 

tool to find a target optimal solution as described next.  

1) The optimization problem: The optimal problem solution for a function 𝑓(𝑥) can be 

divided into two categories, i.e., the unconstrained optimal problem and the constrained 

optimal problem. The unconstrained optimal algorithm can be expressed as  min
𝑥
𝑓(𝑥). One 

can obtain an approximate optimal solution through a number of iterations by using, e.g., 

the Newton method or the fastest gradient descent method [41, p. 249]. 

On the other hand, the constrained optimal problem can generally be expressed as: 
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{
min
𝑥
𝑓(𝑥) 𝑥 ∈ 𝐸𝑛

s. t.  𝜑𝑖(𝑥) ≥ 0 𝑖 ∈ {1,2, … ,𝑚}
               (2.16) 

where 𝑓(𝑥) is the optimization function, 𝐸𝑛 is the range of 𝑥, and 𝜑𝑖(𝑥) is the 

conditional function. 

2) Linearly separable binary classification problem: The linearly separable binary 

classification problem is to separate the original data by a straight line if the data points are 

only in a two-dimensional space or a hyperplane for multidimensional space. There are 

three basic methods separating data into two classes using a hyperplane in a 

multidimensional space: 

 a) Square nearest point method: Uses the bisector of the line which connects the closest 

two points from two categories to be the classification line or plane.  

b) The largest interval method: Finds the classification plane that results in largest 

classification boundary interval. The classification boundary is the value that shifts from 

the classification plane towards the points in two categories until the first data point is 

encountered. The distance between the classification boundaries of two categories is the 

classification interval. 

The classification plane is expressed as  (𝐰 ∙ 𝐱) + 𝑏 = 0 . Note that 𝐱  is a 

multidimensional vector and ∙ represents the calculation of the dot product of the two 

vectors 𝐰 and 𝐱. The reciprocal of the sorting interval is 0.5‖𝐰‖2, so the optimization 

problem is expressed as: 

{
min
𝑤,𝑏

  1
2
‖𝐰‖2 

s. t.   𝑦𝑖((𝐰 ∙ 𝐱𝑖) + 𝑏) + 1) ≥ 1, 𝑖 = 1,… , 𝑙
            (2.17) 
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where ‖∙‖ is the 2-norm of a vector and there are 𝑙 points in totol. The constraint in (2.17) 

is that the distance between each data point (𝑥𝑖,𝑦𝑖) and the classification plane is greater 

than or equal to one. Among them, 𝑦𝑖 is the classification of the data. 

c) Linear support vector classifier: The classification plane is also expressed 

as (𝐰 ∙ 𝐱) + 𝑏 = 0 and equation (2.18) is required [31], 

{

min 
𝛼

1

2
∑ ∑ 𝑦𝑖𝑦𝑗

𝑙
𝑗=1

𝑙
𝑖=1 𝛼𝑖𝛼𝑗(𝐱𝑖 ∙ 𝐱𝑗) − ∑ 𝛼𝑗

𝑙
𝑗=1

s. t.   ∑ 𝑦𝑖𝑎𝑖
𝑙
𝑖=1 = 0
𝑎𝑖 ≥ 0.

       (2.18) 

After computing the optimal result 𝛼∗ (Some of the proofs in [31] are omitted.), we 

obtain: 

{
𝒘∗ = ∑ 𝑦𝑖𝑎𝑖

∗𝒙𝑖
𝑙
𝑖=1 ,

𝑏∗ =
1

𝑗
∑ 𝑏𝑗

∗𝑗
𝑖=1 ,      𝑏𝑗

∗ = 𝑦𝑗 − ∑ 𝑦𝑖𝛼𝑖(𝒙𝑖
𝑙
𝑖=1 ∙ 𝒙𝑗)

          (2.19) 

Note: The linear SVM is based on the largest interval method. The problem is a quadratic 

programming problem. We can use the Lagrangian function to combine the optimization 

problem and the constraints, and then use the duality theory to get the above classification 

optimization problem. It should be noted that the problem is still a constrained optimization 

problem. 

3) The multi-classification problem: SVM is proposed for two-class classification 

problem, and the most common problem is often the multi-classification problem. 

Therefore, SVM needs to be applied to multi-class classification. 

   a) The method to separate one class from others [42]: Establish a SVM that separates 

one class from all other classes. For example, if there are 𝑀 classes of training data, then 
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we need to establish 𝑀 support vector machines. When identifying 𝐱 classification, we 

select the largest category of 𝑔𝑐(𝐱), 

{
𝑓𝑐(𝐱) = sgn(𝑔𝑐(𝐱)),   𝑐 ∈ [1,𝑀]

𝑔𝑐(𝐱) = ∑ 𝑎𝑖
𝑐𝑦𝑖𝐾(𝐱,

𝑙
𝑖=1 𝐱𝑗) + 𝑏

𝑐
       (2.20) 

where 𝐾(∙,∙) is the kernel function which is used to define the mapping to transfer the low-

dimensional problem into the high-dimensional problem.  

In addition, we can choose to calculate the difference between the two largest 𝑔 as the 

confidence interval. If 𝛥𝑔 > 𝜃 , then select the largest class of 𝑔; otherwise, refuse to 

classify. 

b) Pairing classification [43]: Create the classifier between any two classes in 𝑀 classes 

and there will be 𝑀
2
(𝑀 − 1) classifiers. The classification of 𝐱 can be identified using the 

voting algorithm, the most voted category is the final category of  𝐱. 
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2.7 Summary 

This chapter outlines key background information for this work, including the proposed 

ITS and SERSU design, poor visibility formation model and the theory of algorithms. The 

proposed SERSUs are used to collect data and motorists have access to visibility and ASL 

values by 4G/5G cellular network or RF communication. In regard to visibility estimation, 

the equation of conventional visibility measurement method is simple and ineffective since 

it only has one parameter (the extinction coefficient of the atmosphere) and it is not easy 

to determine this parameter. Therefore, the poor visibility formation principle is presented 

to better describe the visibility attenuation process. Regarding visibility estimation 

algorithms, DCP is effective for foggy images, image entropy algorithm is often used for 

finding the general image information and SVM is a common method to classify images. 

Since each algorithm is not always effective for images under all weather conditions, the 

combination of them is proposed in this thesis. 
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CHAPTER 3 

LITERATURE REVIEW 

This chapter presents a literature review of previous research related to general ITSs, 

adaptive speed limit control and visibility estimation algorithms. Section 3.1 presents some 

existing ITSs and lists their main functionalities. Section 3.2 documents a variety of 

techniques used to better control speed limit to improve road safety. Section 3.3 covers 

some papers about finding visibility factors and some methods to effectively detect 

visibility. 

3.1 Intelligent Transportation Systems 

The transport problems include traffic congestion, environmental impacts, energy 

consumption, accidents and safety, high maintenance costs and land usage [44]. ITSs are 

developed to improve transportation safety and reduce traffic troubles, including 

promoting sustainable transportation development, enhancing productivity through the 

applications of electronic technologies and advanced information systems and reduces 

environmental effects [45]. ITS combines advanced technology, complex computational 

methods, information systems, sensors and controllers and is applied into a variety of 

practical applications.  

Better traffic control is one of the original reasons for developing ITS. In order to solve 

traffic congestion, the authors in [46] propose an adaptive traffic system of ITS and Internet 

of Things (IoT). The system is adaptive to nature of the traffic conditions in different lanes 

and gives suggestions to the motorists to select the path with less congestion. Furthermore, 
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ITSs are also used to detect traffic flow and congestion. In [47], the authors summarize the 

design ideas of some ITSs and the application of some innovative technologies, and 

combine the deep belief network model and support vector regression classifier to learn the 

characteristics of traffic flow and congestion. In [48], the authors also present an ITS to 

collect real-time traffic information and then detect traffic congestion. The traffic 

congestion can then be controlled, fuel consumption and CO2 emission can also be reduced. 

Recently, many researches in ITS focus on Automatic Incident Detection (AID) 

techniques. In [49], the authors collect traffic information through vehicle-to-infrastructure 

(V2I) communications and RSUs, and present new approaches for automatically detecting 

traffic accidents in highways. In addition, the authors in [50] propose an ITS for two-

wheeler accident prevention and detection to improve human life safety. This paper 

introduces a “Smart Helmet” which is connected to the ITS and can automatically check 

whether the person is wearing it or drunk driving. 

The driving speed and behavior of drivers can also be detected by ITS. In [51], the 

authors propose an unbiased average traffic speed (UARTS) estimation method to better 

monitor the car speeds. In the UARTS method, car’s position, time and neighbor cars’ 

speeds are all sent to the central server for analysis. Therefore, the estimation accuracy can 

be improved based on the collected information. On the other hand, since human errors are 

often the main reason for traffic accidents, the authors in [52] propose an ontology-based 

model of driver behavior for ITS. The undesirable driving situations such as accidents, 

congestion and environment will also be considered for driver behavior judgment. If an 

accident or a bad driving behavior such as speeding occurred, the authors in [53] propose 

a parallel license plate recognition (PLPR) scheme, which can recognize different road 
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images that contains the targeted vehicle, to avoid recognition errors. Therefore, the vehicle 

and the driver will be found by the traffic police. 

Communications are also significant in ITS. In [54], the authors propose a method to 

trigger broadcast of information by Car-to-Server (C2S), Server-to-Server (S2S) and Car-

to-Car (C2C) communications. Also, the authors in [55] propose an integrated platform 

called “Mobiway Platform” which uses mobile applications to collect and share traffic data 

for improving the quality of the Smart Cities. 

Visibility detection, the main concern of this thesis, is also an important part of ITS. In 

[56], the authors propose a fog-based system for drivers. They use their approach to detect 

fog and assist the motorists for better driving. In [57], the authors present a new and 

effective fog removal approach to improve the driving safety by providing the drivers with 

better visibility road images or videos.  

In the future, ITS will continue to improve in the following areas: further involvement 

of IoV (Internet of Vehicle), utilization of multiple-source data in ITS, automated driving, 

model validation and security [45]. 
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3.2 Road Safety and Speed Limit Control 

Traffic accidents are one of the major worldwide problems because it takes away many 

people’s life [2]. Speeding is the major reason for car accidents. The authors in [58] present 

the speeding offense and expounds the relationship between speeding and accidents and 

analyze the harmfulness reason of speeding driving on horizontal curve. In [59], the authors 

claim that environmental conditions such as urban traffic, visibility, other weather 

conditions and road conditions also have a direct impact on road safety. 

  Many research papers have proposed some useful devices or methods to improve road 

safety. In [60], the authors propose an Arduino based embedded system to handle the road 

discipline such as speed control on different roads in different zones such as highways, 

cities and suburbs. In order to monitor the car speeds, the authors in [61] propose a method 

to automatically recognize the speed limit values on the posted signs by using a camera, 

which includes three processes. First, they presented a machine learning technique using 

local binary pattern (LBP) to help identification, then they used an image processing 

method that uses Hue, Saturation and Value (HSV) color spaces to extract the speed limit 

numbers on the signs, and finally used a neural network to recognize the extracted numbers. 

The authors in [62] also propose a technique to detect and recognize speed limit traffic 

signs by applying Histogram of Gradient (HOG) in addition to SVM classifier to exact the 

numbers on the signs. 

Smartphones are also widely used for the purpose of improving road safety because they 

play an important role in people’s life. In [63], the authors propose an idea using a safety 

application to remind people when any cars or trains approaches within 50 meters range to 
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avoid traffic accidents. Also, in [64], the authors present a mobile application solution 

“DriverSafeMode”, which applies Intelligent Speed Adaptation (ISA) to aid drivers to 

avoid speeding. This application can warn and remind drivers when their driving speed 

exceeds the speed limit. 

  Weather is another important factor which has a direct effect on road safety. In [65], the 

authors claim that traffic accidents often happen in mountain roads, particularly under 

adverse weather. The authors in [66] propose techniques to detect rapid weather changes 

and efficiently analyze their effects on traffic. Also, the study in [67] presents a method 

that uses weather-related information to estimate the safety impacts, then warn drivers, and 

examine the related socioeconomic benefits.  

To our concern, warning motorists about weather conditions is not enough for safety 

driving, so we intend to warn them regarding poor visibility. In [68], the authors claim that 

the effect of fog caused by adverse weather is the main reason for reduced road safety. 
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3.3 Visibility Factors and Algorithms 

In Section 3.1, the literature shows that some adverse weather conditions such as dense 

fog are the main reasons for reduced road safety. Therefore, finding an effective method to 

estimate visibility and warn drivers when they are in poor visibility conditions is significant 

for reducing traffic accidents. 

The researchers have found major factors affecting the visibility degradation and 

developed some methods to assess visibility. In [69], the authors propose an image 

processing approach to estimate the visibility of traffic signals for motorists under rainy 

weather conditions based on the concept of visual noise and cognitive science. They extract 

two types of visual noise features that affect the visibility. The results showed that the 

proposed approach can estimate the visibility under rainy weather conditions with high 

accuracy but may be less accurate under other conditions. In [70], the authors propose a 

method to assess visibility on roads during severe snowstorms and provide the information 

to motorists and administrators. They extracted the grayscale levels of the images in high 

and low visibility frequencies after two-dimensional Fourier transform. The result they 

found is that in snowstorm conditions, the average of power spectra and pixel contrast 

decrease as the visibility decreases. In [24], the authors take day and night conditions into 

consideration when using a single camera to estimate the visibility. They present a novel 

method based on feature vectors with lighting normalization. SVM was used to train the 

data and combined with the high dynamic range imaging (HDR) to optimize the night time 

visibility. In [18], the authors estimate the visibility considering both night-time and dense 

fog conditions. They claimed that compared to daytime, the car accident rate is higher 
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during night-time because of poor visibility. Also, when dense fog exists, visibility 

becomes worse. They define a standard night visibility index to specify the level of fog that 

the driver assistance systems should recognize. Backscattered veil and halos around light 

sources are the two main concerns they use to achieve the visibility estimation. 

 To measure visibility, several devices are used by researchers including simple cameras 

and some advanced devices like RSUs. In [71], the authors propose a new technique to 

estimate visibility conditions using an on-board camera and a digital map. They are able to 

determine the current visibility in foggy conditions based on detecting the traffic signs’ 

characteristics in the fog and the information encoded in the map. They also used the 

Bilateral Chinese Transform (BCT) to evaluate the distance because BCT operating range 

decreases with fogginess.  In [72], the authors propose a new approach, based on the Sobel 

gradient and Lambertian surfaces, to estimate visibility by conventional highway cameras. 

Their technique of estimating atmospheric visibility shows an average error of 30%. In 

[17], the authors propose a method to estimate fog density using a data fusion framework 

that combines fixed and mobile sensors. A homogeneous view can be achieved on the 

visibility on the entire network and it allows the administrators to determine whether 

mandatory speed adjustment should be triggered. In [73], the authors propose a roadside 

camera-based system aiming at detecting daytime fog and estimating visibility range. 

Unlike other methods, this new approach takes 3-dimensional scene structure into account 

and filters the moving objects from a background modelling approach and detects the 

reason of visibility reduction based on a daytime fog model. In [19], the authors designed 

a roadside system with the goal of detecting environmental conditions such as fog and 

heavy rain. They propose a camera-based sensing system and a cooperative data fusion 
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framework to estimate the visibility range by using RSUs. 

Image processing algorithms are often used to estimate visibility based on images. In 

[22], the authors propose a visibility range estimation method by image processing. They 

measured the brightness contrast of a black target against a standardized background and 

found the range of visibility is influenced by the nature of the surroundings and their height 

above the level of the snow. In [23], the authors measure the atmospheric visibility by 

comparing the accuracy of different high-pass filters. Both the Gaussian high-pass filter 

and the homomorphic filter have advantages when measuring the visibility. 

Some researchers proposed uncommon and interesting approaches for measuring 

visibility. In [13], the authors propose a new method using the Relative Visibility (RV) to 

measure visibility by analyzing the visual properties of video images instead of common 

methods like measuring the properties of atmosphere and converting them to visibility. In 

[74], the authors propose a probabilistic model-based approach based on the distribution 

of contrasts in the scene and Lambertian surfaces. Unlike other approaches, they use a 

physical model that computes a mapping function between the contrast and the 

meteorological visibility estimated by a reference sensor. 

Since fog density is an important reference value for estimating visibility, research shows 

that the DCP algorithm is one of the most commonly used algorithm to detect fog and 

measure fog density. Moreover, I read more papers about fog density and DCP in order to 

better understand the perception of them. There are various research papers targeting fog 

density and DCP. 

In [75], the authors propose a fog removal method based on sky segmentation and DCP 

to defog the foggy images. Firstly, they divide a foggy image into the sky region and the 
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non-sky region. Then they use various de-fogging operations to deal with different regions. 

Finally, the DCP algorithm is used to restore the image. The main limitation of their method 

is the poor performance of de-hazing some types of images due to optimization deficit of 

the scene transmission. In [76], the authors propose another method to remove the haze 

and fog using DCP. In addition to DCP, they adopted the histogram equalization to enhance 

the contract and the brightness of images to obtain higher quality result. The drawback of 

the method is that the performance still needs optimization when it comes to images under 

dense fog. In [77], the authors investigate foggy features in the images and propose an 

algorithm based on hue, saturation, and value color space. They use a surrogate-based 

technique to learn a refined polynomial regression model regarding the perception of fog 

density. The fog density is obtained on the basis of analysis on dark-channel, saturation-

value, and chroma. In [28], a new model is proposed to estimate visibility by average Sobel 

gradient and dark channel ratio extracted from images. 

Some useful methods to estimate visibility under general conditions use grayscale 

features, histograms and image entropy. In [78], the researchers proposed a fog level 

detection method based on grayscale features. They qualitatively classify fog level into big 

fog, little fog and no fog by analyzing the change of average grayscale value with the 

ordinate in different weather conditions. Compared to the other methods such as visual 

method, instrumental method and the detection method based on video image, this 

technique reduces the amount of computation and improves the accuracy. In [30], the 

authors investigate the connection between histogram and image visibility and propose the 

concept of visible entropy. 
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Machine learning techniques are commonly applied into many kinds of problems and 

visibility estimation is no exception. In [16], the authors present a neural network approach 

(light propagation) to estimate the visibility under foggy weather conditions using a camera 

that can be mounted on a roadside unit or a moving vehicle. They evaluate the proposed 

method using a set of images under various foggy scenarios. The results show a promising 

performance that is better than the classical method of calculating the maximum distance 

that a selected target can be seen by a person. They also propose infrastructure-to-vehicle 

(I2V), vehicle-to-vehicle (V2V) and infrastructure-to- infrastructure (I2I) communications 

to warn drivers about low visibility and to recommend appropriate speeds according to the 

estimated visibility distance. In [79], the authors also use artificial neural networks (ANNs) 

and present a new ANN-based visibility uncertainty prediction (AVUP) technique. In [80], 

in order to identify driver distraction, the authors present a method to extract an optimal 

feature subset out of features constructed from driving performance and eye movement by 

developing a SVM classifier.  

For the visibility estimation methods using machine learning techniques, SVM is 

preferred when compared with other algorithms. 
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3.4 Summary 

 In this chapter, an overview of several ITSs, adaptive speed limit control systems and 

visibility estimation methods from research literature has been presented.  

Many ITSs have been developed to improve road safety. Most of the ITSs focus on 

controlling bad driving behaviors such as speeding, and reducing the impact of adverse 

driving conditions. Various traditional methods (image processing, machine learning 

algorithms) are used to estimate visibility by processing the collected road images. 

However, these methods have limited abilities when processing images under various kinds 

of driving conditions. Most of their results exhibit good performance only in a certain 

weather condition such as foggy weather. It can be seen from the results of the literature 

review that most of the existing implementations have some errors and low accuracy. 

Moreover, although some techniques such as conventional DCP are effective when 

processing foggy images, they require high computational effort. Also, some of the existing 

methods are not able to generate a visibility indicator and send it to drivers in real-time, 

which are less helpful for improving road safety.  
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CHAPTER 4 

METHODOLOGY 

In Section 4.1, we propose a fast DCP algorithm which reduces the time complexity of 

the conventional DCP algorithm. Sections 4.2 and 4.3 describe how we apply entropy and 

SVM algorithms into our system, respectively. In Section 4.4, a new visibility indicator is 

proposed to make a comprehensive judgment which combines the above three algorithms. 

4.1 Fog Density Indicator based on Improved Dark Channel 

Prior 

4.1.1 Fast Dark Channel Prior 

From the DCP description presented in Section 2.4, the most time-consuming part of 

DCP algorithm is the dark channel image acquisition and soft matting process. Therefore, 

the key to improve the DCP algorithm algorithm is to optimize these two parts of the 

algorithm and a fast DCP (fDCP) algorithm is proposed.  

1) Fast dark channel image acquisition algorithm based on bidirectional traversal: 

For each pixel (𝑥, 𝑦) of the foggy image, find the minimum value of its ‘𝑟’ neighborhood, 

it is a square part which contains (2𝑟 + 1)2 pixels and is centered at (𝑥, 𝑦). Then, the 

dark channel image is generated after traversing all the pixels. This process is represented 

by: 

 𝐷(𝑥0, 𝑦0) =  min
𝑥0−𝑟≤𝑥≤𝑥0+𝑟
 𝑦0−𝑟≤𝑦≤𝑦0+𝑟

I(𝑥, 𝑦)         (4.1) 
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where, D is the dark channel image and I is the foggy image and the pixel  value of each 

pixel in the images is denoted as 𝐷(𝑥, 𝑦) and I(𝑥, 𝑦), respectively. As it can be seen from 

(4.1), for each pixel of the foggy image I, it is necessary to traverse each pixel of its 𝑟 

neighborhood. For a 𝑚 × 𝑛 picture, after ignoring the regions near the edge, a process of 

finding the dark channel image needs to traverse about 𝑃1 pixels: 

𝑃1 = (2𝑟 + 1)
2 ×𝑚 × 𝑛.            (4.2) 

Therefore, the number of traversals 𝑃1  increases with the increase of 𝑟 . In practical 

applications, if the neighborhood  𝑟 = 10 [27], then there are 𝑟 pixel values, and hence, 

there are 10 × 10 pixel blocks around each pixel. As a result, 𝑃1= 440 × 𝑚 × 𝑛. Therefore, 

the algorithm has a high computational complexity of 𝑂(𝑚 × 𝑛). 

The proposed fDCP image acquisition algorithm is based on bidirectional traversal, to 

significantly reduce the time complexity of traditional algorithm. This algorithm traverses 

the foggy image both horizontally and vertically. In the horizontal traversal, for a certain 

pixel (𝑥0 − 1, 𝑦0) , let the minimum pixel value of its horizontal 𝑟  neighborhood be 

𝐷𝑋(𝑥0 − 1, 𝑦0). Therefore, for the pixel (𝑥0, 𝑦0), the minimum value of its horizontal 𝑟 

neighborhood 𝐷𝑋(𝑥0, 𝑦0)  is determined by whether 𝐷𝑋(𝑥0 − 1, 𝑦0)  equals I(𝑥0 − 𝑟 −

1, 𝑦0): 

Case 1.  If DX(𝑥0 − 1, 𝑦0) < I(𝑥0 − 𝑟 − 1, 𝑦0), the position 𝑥 of the minimum value is 

in the range [𝑥0 − 𝑟, 𝑥0 + 𝑟 − 1], so for pixel (𝑥0, 𝑦0), it is only necessary to compare 

𝐷𝑋(𝑥0 − 1, 𝑦0) with I(𝑥0 + r, 𝑦0). 

Case 2.  If 𝐷𝑋(𝑥0 − 1, 𝑦0) = I(𝑥0 − 𝑟 − 1, 𝑦0), we need to re-traverse the interval when 

𝑥 is in the range [𝑥0 − 𝑟, 𝑥0 + 𝑟]. The equations are as follows: 
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𝐷𝑋(𝑥0, 𝑦0) =

{
 
 

 
 
min(𝐷𝑋(𝑥0 − 1, 𝑦0)，I(𝑥0 + 𝑟，𝑦0)),

 if 𝐷𝑋(𝑥0 − 1, 𝑦0) < I(𝑥0 − 𝑟 − 1, 𝑦0);

min
𝑥0−𝑟≤𝑥≤𝑥0+𝑟

I(𝑥0, 𝑦0) ,

 if 𝐷𝑋(𝑥0 − 1, 𝑦0) = I(𝑥0 − 𝑟 − 1, 𝑦0).

      (4.3) 

where 𝐃𝐗 is the horizontal dark channel image and I is a foggy image. Traverse the image 

𝐈, using equation (4.3) to get the horizontal traversal image 𝐃𝐗.  

Next, the horizontal traversal image 𝐃𝐗 is traversed vertically in a similar way, so the 

minimum value 𝐷𝑌(𝑥0, 𝑦0) of the vertical 𝑟 neighbourhood of a pixel (𝑥0, 𝑦0) is:   

𝐷𝑌(𝑥0, 𝑦0) =

{
 
 

 
 
min(𝐷𝑌(𝑥0, 𝑦0 − 1)，𝐷𝑋(𝑥0, 𝑦0 + 𝑟)) ,

  if 𝐷𝑌(𝑥0, 𝑦0 − 1) < 𝐷𝑋(𝑥0, 𝑦0 − 𝑟 − 1);  

min
𝑦0−𝑟≤𝑦≤𝑦0+𝑟

𝐷𝑋(𝑥0, 𝑦0) ,

  if 𝐷𝑌(𝑥0, 𝑦0 − 1) = 𝐷𝑋(𝑥0, 𝑦0 − 𝑟 − 1).

        (4.4) 

where 𝐃𝐘 is the final dark channel image after the horizontal and vertical traversals. 

If the edge regions are ignored, the fast dark channel image algorithm based on 

bidirectional traversal only needs to traverse the image 𝑃2 times, where 

𝑃2 = 4 ×𝑚 × 𝑛.                      (4.5) 

Moreover, the amount of calculation of 𝑃2 is independent of the neighborhood "𝑟". In 

practical applications, if 𝑟 = 10, the amount of calculations for 𝑃2 is only 0.9% of 𝑃1, and 

the calculation speed is increased by more than 100 times. 

2) Fast soft matting using the integration diagram: The soft matting algorithm requires 

a procedure which contains 10 times the operations to find the mean image and this 

procedure needs to be executed repeatedly, so the total number of operations would be 

large. The number 10 is determined according to our code which shows it invokes the 

function 10 times in each iteration. This is the main time-consuming part of the soft matting 
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algorithm. The conventional mean image is obtained by performing the following 

operations on each pixel (𝑥, 𝑦) of the fog image I, 

𝐸(𝑥, 𝑦) =  
1

(2𝑟 + 1)2
∑  ∑ I(𝑥, 𝑦)

𝑦=𝑦0+𝑟

𝑦=𝑦0−𝑟

 

𝑥=𝑥0+𝑟

𝑥=𝑥0−𝑟

                                  

 

(4.6) 

where 𝐸(∙) denotes the mean value. Therefore, the process of mean calculation requires 

(2𝑟 + 1)2 ×𝑚 × 𝑛 addition operations and 𝑚 × 𝑛 division operations. For a soft matting 

algorithm procedure involving 10 times mean image calculations, (2𝑟 + 1)2 ×𝑚 × 𝑛 ×

10 addition operations and 𝑚 × 𝑛 × 10 division operations will be required.  

In this thesis, we use the algorithm of integration diagram [81] to optimize the soft 

matting algorithm. First, this algorithm calculates the horizontal integration diagram of 

image 𝐈. For a pixel (𝑥, 𝑦), the integration diagram of the image I can be performed, 

𝐶(𝑥, 𝑦) = I(𝑥, 𝑦) + 𝐶(𝑥 − 1, 𝑦) + 𝐶(𝑥, 𝑦 − 1) − 𝐶(𝑥 − 1, 𝑦 − 1)         (4.7) 

Through the integration diagram 𝐂, the mean image can easily be obtained by: 

𝐸(𝑥, 𝑦) =  
1

(2𝑟+1)2
(𝐶(𝑥 + 𝑟, 𝑦 + 𝑟) + 𝐶(𝑥 − 𝑟 − 1, 𝑦 − 𝑟 − 1) − 𝐶(𝑥 − 𝑟 − 1, 𝑦 + 𝑟) −

𝐶(𝑥 + 𝑟, 𝑦 − 𝑟 − 1))       (4.8) 

The method of using the integration diagram to compute the mean image requires 

approximately 6 × 𝑚 × 𝑛  addition or subtraction operations and 𝑚× 𝑛  division 

operations. Since each division operation uses the same constant, on one hand we can use 

the multiplication operations to save time; on the other hand, we can combine the 10 times 

mean calculations in the soft matting algorithm and only perform 𝑚 × 𝑛 multiplication 

operations on the final result. Therefore, an operation of fast soft matting algorithm requires 
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only 60 ×𝑚 × 𝑛 addition or subtraction operations and 𝑚 × 𝑛 multiplication operation, 

which greatly reduces the computational complexity of the algorithm. 

 

4.1.2 Fast defog algorithm implementation 

Using the algorithms proposed in Section 2.4, the final fast defog algorithm implemented 

within our SATC system is as follows: 

1) Load the original image, an example is given in Figure 4.1. 

2) Use the fast dark channel image acquisition algorithm based on bidirectional traversal 

to obtain the dark channel image 𝐉dark, Figure 4.2. 

3) Obtain the atmospheric light composition: Get the 0.1% lightest pixels from the dark 

channel image, then find the pixel with the greatest brightness level among these pixels 

in the original foggy image as the value of �̂�, which has three components, 𝐴r, 𝐴g, 

and 𝐴b [27]. 

4) Generate the transmission graph using equation (2.10), Figure 4.3. 

5) Use the fast soft matting method by the integration diagram to obtain a more accurate 

transmittance graph, Figure 4.4. 

6) Adjust the original image according to the transmittance diagram and equation (2.11), 

and generate the defogged image, Figure 4.5. 
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Figure 4.1: The original image 

 

Figure 4.2: The dark channel image 

 

Figure 4.3: The transmittance graph 
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Figure 4.4: The more accurate transmittance graph 

 

Figure 4.5: The defogged image 

 

4.1.3 Fog density calculation 

By analyzing the more accurate transmittance graph in Figure 4.4, it can be noted that 

the brighter the area, the smaller the fog density. On the contrary, the darker the area, the 

greater the fog density. As a result, the fog density indicator of the original image can be 

estimated from the transmittance graph. 

By traversing each pixel of the original image and the transmittance graph, we calculate 

the difference between the atmospheric light composition and the current pixel value in the 

original image, 

∆𝑖𝑗= max(|𝑅𝑖,𝑗 − 𝐴𝑟|, |𝐺𝑖,𝑗 − 𝐴𝑔|, |𝐵𝑖,𝑗 − 𝐴𝑏|)         (4.9) 
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where (𝑅𝑖,𝑗, 𝐺𝑖,𝑗, 𝐵𝑖,𝑗) are the R, G, B components of pixel (i, j) in the original image, and 

(𝐴𝑟, 𝐴𝑔, 𝐴𝑏) are the R, G, B components of atmospheric light [27]. Then, the fog density 

ℋ𝑖,𝑗 of the pixel (𝑖, 𝑗) can be determined as, 

ℋ𝑖,𝑗 = (
1

𝑡𝑖,𝑗
− 1) ∆𝑖,𝑗                      (4.10) 

where 𝑖  and 𝑗  are the coordinates of the pixel, 𝑡𝑖,𝑗  is the value of pixel (𝑖, 𝑗)  in the 

transmittance graph (an example is given in Figure 4.4), and ∆𝑖,𝑗 is the difference between 

the current pixel and atmospheric light (4.9). In order to prevent interference from the over-

bright areas such as the sky, the pixels with ∆ij< 20 are discarded. Eventually, the fog 

density indicator of the image is the average of the fog density of all effective pixels, 

𝑉1 = ℋ̅ = E(ℋ𝑖,𝑗),             (4.11) 

where E(ℋ𝑖,𝑗) denotes the average fog density of all the pixels (𝑖, 𝑗).  

The value of 𝑉1 denotes the fog level in the image, which could be an indicator for the 

current fog density in the corresponding road in the image. Since fog density is an important 

factor that influences the visibility, we use ℋ̅  as the first visibility indicator 𝑉1  in our 

SATC. However, 𝑉1 calculated by DCP algorithm is mainly used to identify the fog level 

under foggy conditions instead of other driving conditions. In fDCP algorithm 

implementation, it is found that  𝑉1 cannot reflect the visibility in other driving conditions 

such as night time. For instance, when it comes to the night images without fog, the 

visibility indicator will show that the visibility is good because there is no fog, but it is 

obvious that the visibility at night is limited and the result is not accurate. As a consequence, 

it is necessary to utilize other means to analyze the visibility such that all situations are 

covered.  
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4.2 Estimation of Image Visibility based on Weighted Entropy 

In image processing area, the image entropy is defined according to the grayscale 

distribution probability of each pixel value in the image, which reflects the richness of the 

information in the image. The smaller the probability of occurrence of an event, the greater 

the amount of information it contains, and the higher the degree of uncertainty. Therefore, 

the image entropy can be used to measure the clarity of the image, that is, the image of the 

grayscale histogram can be used to measure the visibility in the image. From [39], we know 

that for an image, if it is very clear, its contrast will be higher and the pixels of its histogram 

are more equally distributed. Therefore, the entropy would be high. On the other hand, if 

the entropy of an image is very small, it means it is unclear and the contrast would be small, 

often it is a foggy or night image which has more extreme black or white pixels.  

In the proposed program, histogram analysis is shown on the right-hand side of Figure 

4.6 for daytime, evening, midnight, and foggy images, respectively. Analyzing the 

histograms in Figure 4.6, it shows that the pixels are mainly distributed in the center of the 

histogram for the clear daytime image with relatively high visibility, as shown in Figure 

4.6a, and they are uniformly distributed to some degree. As the darkness reduces the 

probability of high value pixels of the histograms of the evening image in Figure 4.6b and 

the midnight image in Figure 4.6c, the histograms peaks are gradually shifted to the left 

part, and they become more concentrated. In regard to snow images with poor visibility as 

shown in Figure 4.6d, the pixels of the histogram are mainly clustered on the right part of 

the histogram, and very concentrated. It should be noted that the shape of the histogram is 

our attention. Therefore, using the observations from the histograms and the knowledge of 
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image entropy, we propose the concept of weighted entropy in equation (4.13) to stretch 

the image entropy with a weighting function.  

 

a) 

 

b) 

 

c) 



50 

 

 

d) 

Figure 4.6: The grayscale histograms of images in different visibility conditions 

(daytime, evening, midnight, foggy). 

 

After the stretching image entropy step, we adjust the daytime non-foggy and foggy 

images with the fog density to generate the final visibility indicator of the image. The 

specific algorithm for image visibility estimation is presented as Algorithm 1. 

Algorithm 1: Visibility calculation 

1) Convert a colored image to a grayscale image. 

2) Calculate the grayscale histogram 𝐇 of the grayscale image. 

3) Find the weighted entropy 𝑆 of the grayscale histogram 𝐇, where, 

     𝑆 = 𝑆1 + 𝑆2                       (4.12) 

And 
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{
  
 

  
  𝑆1 = −10

−4∑(−𝑖2 + 200𝑖)𝑝𝑖 log 𝑝𝑖

100

𝑖=0

,

                                                                  0 ≤ 𝑖 ≤ 100

𝑆2 = − ∑ 𝑝𝑖 ∙ log 𝑝𝑖

255

𝑖=101

,                  100 < 𝑖 ≤ 255

 

 

 

 

(4.13) 

where 𝑝𝑖 is the probability of appearance of the pixel value 𝑖 in the histogram 𝐇, and 

for  𝑆1, the elements in data sets are −𝑝𝑖 log 𝑝𝑖 and their corresponding weights are 

10−4(−𝑖2 + 200𝑖). The corresponding weighting function graph is shown in Figure 

4.7. 

 

 

Figure 4.7: The weighting function graph 

 

4) The weighted entropy 𝑆 is linearly adjusted to the range of 0 to 100, the portion smaller 

than 0 is set to 0, and the portion larger than 100 is set to 100. 

5) According to the weighted entropy 𝑆 combined with 𝑉1 described in Section 4.1.3, the 

visibility indicator 𝑉2 of the image is calculated as follows: 

 If 0 ≤ 𝑆 < 50  
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𝑉2 = 𝑆                                (4.14) 

 If 50 ≤ 𝑆 ≤ 100 

o If the fog density 𝑉1 < 40, it corresponds to the daytime non-foggy images, then 

strengthen the result by adding 
𝑉1
2

𝑆
: 

𝑉2 = 𝑆 (1 + (
𝑉1

𝑆
)
2

)          (4.15) 

o If the fog density 𝑉1 ≥ 40, it corresponds to the daytime foggy images, then 

reduce the result by subtracting 
𝑉1
2

𝑆
: 

𝑉2 = 𝑆 (1 − (
𝑉1

𝑆
)
2

).         (4.16) 

It is worth noting that the ranges of 𝑉1 and the formulae used to calculate 𝑉2 are 

optimized empirically based on a large set of images that correspond to different 

weather and lighting conditions.  

Image entropy is an effective method to characterize the information of images and 

visibility as information extracted from an image can be reflected easily by the histogram 

of each image as depicted in Figure 4.6. As a result, the visibility indicator 𝑉2 calculated 

by entropy algorithm gives more reasonable results than 𝑉1 . In addition, 𝑉2  is also 

combined with the fog density indicator 𝑉1, which is expected to make the results even 

more reliable. However, extensive testing using a large number of images showed that the 

visibility indicator 𝑉2 has some problems with some images. For example, the results 𝑉2 of 

processing foggy images are not as good as 𝑉1. In order to optimize the results, a classifier 

is used, as described in the next subsection. 
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4.3 Estimation of Image Visibility based on SVM 

Estimation of image visibility based on SVM is an image classification algorithm. To 

be specific, an image classifier is obtained through training with SVM algorithm to classify 

the images according to the level of their visibility. In this work, more than 300 sample 

images are used for training and are divided into seven categories where category 1 

corresponds to low visibility conditions, such as midnight and thick fog images, and 

category 7 corresponds to daytime non-foggy images with high visibility, and the visibility 

gradually increases from category 1 to 7. The sample images from each category are shown 

in Figure 4.8. After testing about 200 new images, they were also added into the SVM 

library. Therefore, the final library includes more than 500 images in total. 

According to the theoretical analysis outlined in Section 2.6, “the linear support vector 

classifier” and equation (2.18) as kernel function are used in this work. Furthermore, since 

the proposed issue is a multi-classification problem, so “the method that separates one class 

from others” and equation (2.20) are used to solve it. 

The SVM algorithm is divided into two parts: training and automatic classification. First, 

it trains samples to get a multi-classifier, and then uses this classifier to classify the test 

samples automatically. The training algorithms are presented as Algorithm 2 and 

Algorithm 3.  
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Figure 4.8: Examples of training image classification, from the upper left to lower right, 

in Z-pattern, they are category 1, 2, 3, 4, 5, 6 and 7 respectively. 

 

Algorithm 2: SVM training 

1) Establish the initial image library. Collect the training samples and manually divide 

the training samples into seven categories according to the level of visibility.  

2) Extract the feature vectors of the training set of images. The grayscale histogram 𝐇 

can be extracted as a feature vector of the image in this algorithm. 

3) Set the kernel function type. This algorithm uses linear kernel function (equation 

(2.18)). 

4) Classify the samples. The SVM algorithm is used to train the feature vectors based 

on the images and get a multi-classifier 𝐂, which can classify the samples in the 

training set accurately. 

Algorithm 3: SVM test 

1) The grayscale histogram H of the sample image is taken as the feature vector of the 

image. 

2) The classification results 𝑉𝑠 ∈ {1, 2, 3, 4, 5, 6, 7}  are classified using the multi-

classifier 𝐂. 

3) The classification result 𝑉𝑠 is linearly scaled to adjust to the range of 0-100: 

  𝑉3 =
1

7
 𝑉𝑠 × 100.                               (4.17) 
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Therefore, the visibility indicator 𝑉3 of the image can be obtained. However, if 𝑉3 is 

much different from the real visibility 𝑉0 perceived by human eyes or measured by 

instruments, it indicates that there is a lack of similar samples in the training sample library, 

which leads to wrong results. Thus, all the training images have to be placed in the correct 

category and retrained in the library. 

In order to prevent the size of library from impacting the training efficiency, the 

maximum number of sample images in each category, MAXNUM, must be specified and 

the excess samples should be ignored. In this work, MAXNUM = 100. 

In fact, not all training samples are correctly categorized. As the size of the sample 

library increases, falsely categorized training samples may appear. Therefore, updating the 

sample library becomes a necessity. In this program, the method of updating sample library 

is as follows. The sample images in the sample library are sorted one by one with a trained 

classifier to calculate the visibility values. After getting a new multi-classifier, it is used to 

train all the images one more time. The classification result of each image is compared 

with its original category. If these two result are different, its original category is likely to 

be wrong and the image will be deleted from this category. The detailed procedure is given 

in Algorithm 4. 

Algorithm 4: Sample library update 

1) Re-train the sample library to get a new multi-classifier. 

2) Traverse all the samples of the sample library and use multi-classifier 𝐂  for 

classification. 

3) Analyze the classification results of 2), and define the classification result of the i-

th sample as 𝑖′. 
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4) If 𝑖 = 𝑖′, then keep it. 

5) If 𝑖 ≠ 𝑖′, then delete the sample from the sample library. 

6) Re-train the updated sample library. 
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4.4 Comprehensive Visibility Indicator 

In section 4.2, the image visibility is estimated according to the weighted entropy. In 

section 4.3, machine learning is used to train a classifier with samples through SVM 

algorithm to get the visibility of the image automatically. However, these two values are 

generally not the same, and there would be a difference between them. Therefore, in this 

subsection, a novel method is presented to combine these two values to obtain the final 

result of image visibility that will be denoted as the comprehensive visibility indicator 𝑉. 

The main concept of integration is to combine the two visibility values from two 

different cases. If the weighted entropy result 𝑉2  and SVM result 𝑉3 are relatively close, 

the two results are considered credible and the average value of the two results is 

considered as the final visibility indicator. On the other hand, if the weighted entropy result 

𝑉2 and SVM result 𝑉3 differs significantly, then it is required to determine which one is 

likely to be the correct result according to the fog density parameter  𝑉1, and the two results 

𝑉2  and 𝑉3  are combined with different weights. The specific algorithm is called 

Comprehensive Visibility Indicator (CVI) algorithm, which is detailed in Algorithm 5. It 

is worth noting that the parameters and formulae used to generate 𝑉 in Algorithm 5 are 

obtained empirically after the experiments of more than 500 images.    

Algorithm 5: Comprehensive Visibility Indicator 

Let 𝑉1 be the fog density indicator obtained by fDCP, 𝑉2 be the visibility obtained by 

weighted entropy, and 𝑉3 be the visibility obtained by SVM. 

Step 1: 
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Case 1: if 𝑉2 is close to 𝑉3, i.e., 
|𝑉2−𝑉3|

max(𝑉2,𝑉3)
< 0.3, then the average of them is the final 

result, 

 𝑉 =
1

2
(𝑉2 + 𝑉3)                    (4.18) 

Case 2: if 𝑉2 is far from 𝑉3, i.e., 
|𝑉2−𝑉3|

max(𝑉2,𝑉3)
≥ 0.3, we consider the following two cases: 

 If 𝑉1 > 60, i.e., the fog is dense and visibility is very low, so min(𝑉2, 𝑉3) is much more 

reliable. If 40 < 𝑉1 ≤ 60, i.e., the fog is not dense and visibility is slightly low, so 

min(𝑉2, 𝑉3) is slightly more reliable. Therefore, for these two situations, we give a 

bigger weight 
max(𝑉2,𝑉3)

𝑉2+𝑉3
 to min(𝑉2, 𝑉3) and a smaller weight 

min(𝑉2,𝑉3)

𝑉2+𝑉3
 to max (𝑉2, 𝑉3). 

The visibility of these two conditions can be represented by:  

  𝑉 =
max (𝑉2,𝑉3)min(𝑉2,𝑉3)

𝑉2+𝑉3
+
min (𝑉2,𝑉3)max(𝑉2,𝑉3)

𝑉2+𝑉3
         (4.19) 

 If 20 < 𝑉1 ≤ 40 , i.e., the fog density is slightly low and visibility is good, so 

max (𝑉2, 𝑉3) is slightly more reliable; If 𝑉1 ≤ 20, i.e., the fog density is very low and 

visibility is very good, so max (𝑉2, 𝑉3) is much more reliable. Therefore, for these two 

situations, we give a bigger weight 
max(𝑉2,𝑉3)

𝑉2+𝑉3
  to max(𝑉2, 𝑉3) and a smaller weight 

min(𝑉2,𝑉3)

𝑉2+𝑉3
  to min (𝑉2, 𝑉3).  The visibility of these two conditions can be represented by: 

𝑉 =
(min(𝑉2,𝑉3))

2

𝑉2+𝑉3
+
(max(𝑉2,𝑉3))

2

𝑉2+𝑉3
          (4.20) 

Step 2: 

On the basis of the results of Step 1, modify the visibility indicator of images under the 

conditions of daytime with fog and night time without fog: 
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 If 𝑉 > 50 and 𝑉1 > 40, i.e., it is the daytime image with fog, then reduce the result by 

subtracting 
𝑉1
2

V
, where 𝑉∗ is used to represent the original 𝑉: 

𝑉 = 𝑉∗ (1 − (
𝑉1

𝑉∗
)
2

)            (4.21) 

 If 50 ≤ 𝑉 ≤ 80 and 𝑉1 < 40, i.e., it is the night time image without fog, then strengthen 

the result by adding 
𝑉1
2

V
: 

𝑉 = 𝑉∗ (1 + (
𝑉1

𝑉∗
)
2

)            (4.22) 
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4.5 Summary 

This chapter presents the methodology in the proposed system. Since foggy weather 

conditions are one of the main factors of visibility attenuation, DCP algorithm, an effective 

method to process foggy images, is selected in the proposed system. However, the 

conventional DCP has large time complexity in the dark channel image acquisition and 

soft matting process parts. Therefore, a fast DCP algorithm is proposed to save time and 

power. The fog density indicator 𝑉1 is obtained for further visibility estimation. From the 

features of the grayscale histograms of good visibility and poor visibility images it is found 

that good visibility images have large entropy and poor visibility images have small 

entropy. As a result, the weighted entropy algorithm based on histogram features is 

proposed to estimate visibility. The visibility indicator 𝑉2 obtained by entropy algorithm 

can be used for images under all kinds of weather conditions. Moreover, SVM is a common 

method to classify images and 𝑉3 obtained by SVM algorithm is also proposed to reduce 

the potential errors. Finally, a comprehensive visibility indicator 𝑉 is obtained based on the 

comparison of 𝑉2 and 𝑉3. If they are similar, it means both of their results are credible. If 

they are different, it means one of them has large errors and 𝑉1 is considered to determine 

which indicator is more likely to be the correct. The final reliable visibility indicator 𝑉 can 

be then obtained by giving different weights to 𝑉2 and 𝑉3. 

 

 

  



62 

 

 

CHAPTER 5 

EXPERIMENTAL RESULTS AND ANALYSIS 

This chapter presents the results obtained using the proposed visibility algorithm 

implementation. The images are real road images collected from various parts of highways 

in Canada and are provided by the Ministry of Transportation of Ontario (MTO). In the 

experiments, images are chosen for different driving conditions, including daytime images 

(often with good visibility), foggy images, night images (often with limited visibility), etc. 

Section 5.1 documents the image sets we used and Section 5.2 shows how we process them. 

In Section 5.3, the results generated by the tests are shown, further analyses of the 

experimental results are also made to discuss the feasibility and reliability of the proposed 

technique. 

5.1 Data Sets 

To evaluate the presented visibility technique, some experiments were performed on a 

number of input images, including highway images under a variety of weather and traffic 

conditions. About 500 images are tested in our system and 28 sample images chosen from 

all the images are used in this thesis. Figure 5.1 shows some representative sample images 

used in this thesis. The sample images are divided into seven categories, which also 

corresponds to the seven categories in the SVM library. Category 1 represents that the 

images were captured under extremely poor visibility condition and category 7 represents 
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that the images were captured under very good visibility condition. In Figure 5.1, images 

(1) to (4) are the sample images from category 1, images (5) to (8) are the sample images 

from category 2, images (9) to (12) are the sample images from category 3, images (13) to 

(16) are the sample images from category 4, images (17) to (20) are the sample images 

from category 5, images (21) to (24) are the sample images from category 6 and images 

(25) to (28) are the sample images from category 7. 

    

(1) (2) (3) (4) 

    

(5) (6) (7) (8) 

    

(9) (10) (11) (12) 

    

(13) (14) (15) (16) 
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(17) (18) (19) (20) 

    

(21) (22) (23) (24) 

    

(25) (26) (27) (28) 

Figure 5.1: Sample image sets used in Chapter 5 
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5.2 Data Processing and User Interface 

A visibility estimation program, written in C language, was developed using OpenCV 

library in the Visual Studio. The main functionality of our program is to obtain a 

comprehensive visibility indicator based on three different values calculated by three 

algorithms: DCP, GIE and SVM.  

The main program interface is shown in Figure 5.2.  The interface includes four frames 

with two relating to operation and the other two responsible for displaying the results. All 

the visibility indicators calculated by different algorithms including DCP, GIE, SVM and 

CVI will be displayed in the “Visibility” and “Fog density” frames and all four values are 

scaled to take values in the range of 0 to 100. The “Operation” frame is responsible for 

selecting and initializing the processing of an image. In the “Operation” frame, we can 

press “Open an image” button to choose a specific image that would be processed to obtain 

its visibility indicator value. After pressing “Processing” button, the visibility values are 

displayed on the interface. Take Figure 5.1(3) for example, its entropy visibility value is 

14.6459, SVM visibility value is 14.2857, DCP value is 100 and CVI value (the final 

visibility result) is 14.4658. Moreover, the application has a “Retrain” frame which was 

created for updating the SVM sample library. After processing an image, the application 

displays a “Training Category” which represents category calculated by the system.  

However, it needs human judgment to determine the correct category and whether to add 

it into the library. After the human intervention, we can press the “Retrain” to get a new 

training machine and “Update the library” to remove the relatively incorrect images by 

training all the images in the library using the new training machine. 
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In addition to calculating CVI and managing SVM and library, the application can defog 

the images if they are foggy images. For example. Figure 5.1(3), after selecting the image 

and press the “Processing” button, the application will create two new windows that 

displays the original image (Figure 5.3) and the defogged image (Figure 5.4). The defogged 

image window allows the operator to adjust the contrast and brightness level to optimize 

the defogged image to get the final defogged image, which can be used for other purposes 

such as recognizing road conditions and car information.  

 

Figure 5.2: User Interface of the program 
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Figure 5.3: The original image shown in the program 

 

 

Figure 5.4: The defogged image shown in the program 
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5.3 Results and Analysis 

In this section, after collecting the image sets and defining processing steps, we did 

several tests to verify the feasibility and performance of our system. 

In the first step, to better associate the visibility indicator with real measured visibility, 

we define our visibility levels in Table 5.1. Visibility distance is divided into 4 levels based 

on the criteria proposed in [28]. Generally speaking, people feel the difference when 

visibility changes from “good” to “normal”, “normal” to “bad”, “bad” to “terrible”. 

Therefore, the visibility levels 4, 3, 2 and 1 are used to represent the visibility when it is 

“good”, “normal”, “bad” or “terrible”, respectively. These criteria also have a positive 

impact on the results regarding fault tolerance concern. This is because the visibility 

indicator value of some images under poor visibility may differ from each other, but their 

visibility levels will be the same. For example, all their levels will be 1, which means their 

visibility is very poor and we do not need to compare the specific visibility values. Also, 

although the administrators need specific visibility values to make analyses on them, a 

visibility level would be more acceptable and easy-to-understand for the drivers. 

In this thesis, four visibility values are shown for each image, fog density (𝑉1), visibility 

by entropy (𝑉2), visibility by SVM (𝑉3), and final visibility indicator (𝑉). It is to be noted 

that 𝑉2, 𝑉3, and 𝑉 increase as the visibility increases, while the fog density 𝑉1 decreases as 

the visibility increases. The results of the 28 representative sample images from Fig. 5 are 

outlined in Table 5.2.  
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Table 5.1: Visibility evaluation criteria 

Visibility 

Range 

Visibility 

Level 

Lower 

Bound 

(m) 

Upper 

Bound 

(m) 

75-100 4 400 ∞ 

50-75 3 200 400 

25-50 2 100 200 

0-25 1 0 100 

 

Table 5.2: Visibility results of our SATC system 

Image 

Number 

Fog 

Density 

(𝑽𝟏) 

Visibility 

by Entropy 

(𝑽𝟐) 

Visibility 

by SVM 

(𝑽𝟑) 

Final 

Visibility 

(𝑽) 

Visibility 

Level      

(𝑳) 

Fig. 5.1(1) 0.2294 4.9215 14.2857 11.8863 1 

Fig. 5.1(2) 58.5857 88.6559 14.2857 24.6064 1 

Fig. 5.1(3) 100 14.6459 14.2857 14.4658 1 

Fig. 5.1(4) 46.2992 55.1712 14.2857 22.6949 1 

Fig. 5.1(5) 1.8855 18.3932 28.5714 24.5852 1 

Fig. 5.1(6) 1.579 19.6394 28.5714 24.9328 1 

Fig. 5.1(7) 3.3247 26.0928 28.5714 27.3321 2 

Fig. 5.1(8) 68.2506 64.3142 28.5714 39.5658 2 

Fig. 5.1(9) 4.1945 18.3609 42.8571 35.51 2 

Fig. 5.1(10) 41.131 72.9323 42.8571 37.8818 2 

Fig. 5.1(11) 12.5949 40.1813 42.8571 41.5192 2 

Fig. 5.1(12) 32.402 42.8583 42.8571 42.8577 2 

Fig. 5.1(13) 41.131 72.9323 57.1429 39.0256 2 
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Fig. 5.1(14) 5.6346 47.5517 57.1429 52.9538 3 

Fig. 5.1(15) 4.8033 53.7649 57.1429 55.87 3 

Fig. 5.1(16) 15.1959 47.0321 57.1429 56.5207 3 

Fig. 5.1(17) 34.5547 74.2794 71.4286 55.7609 3 

Fig. 5.1(18) 17.8289 71.3817 71.4286 75.8568 4 

Fig. 5.1(19) 13.6965 91.0817 71.4286 81.2552 4 

Fig. 5.1(20) 13.4017 87.4344 71.4286 81.6926 4 

Fig. 5.1(21) 35.1619 78.7028 85.7143 67.1692 4 

Fig. 5.1(22) 6.6091 68.3993 85.7143 77.6237 4 

Fig. 5.1(23) 13.0829 87.3762 85.7143 86.5452 4 

Fig. 5.1(24) 24.7538 94.8734 85.7143 90.2938 4 

Fig. 5.1(25) 31.4789 95.7703 100 97.8852 4 

Fig. 5.1(26) 8.1336 100 100 100 4 

Fig. 5.1(27) 10.8254 100 100 100 4 

Fig. 5.1(28) 30.311 100 100 100 4 

 

After analyzing the results, we can see that 𝑉2 and 𝑉3 have large difference in some cases. 

However, the difference between their visibility levels is small. For example, from the 

results of Fig. 5.1(1), 𝑉2 is 4.9215 and 𝑉3  is 14.2857, and both values imply that the 

visibility is very poor, and the visibility levels are both 1. The final visibility indicator 𝑉 

of images under different driving conditions are very different but they can get the same 

visibility levels if the real visibility in these driving conditions is similar.  

Another observation that can be made after data analysis of Table 5.2 is that the three 

algorithms (DCP, GIE and SVM) have different performance regarding the images under 

different types of driving conditions. DCP algorithm has good performance when 

processing thick foggy images such as Fig. 5.1(2), Fig. 5.1(3) and Fig. 5.1(8). However, 
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DCP visibility values are always too high when it comes to some daytime non-foggy 

images such as Fig. 5.1(25) and Fig. 5.1(28). Even though the two images have good 

visibility values, the DCP visibility indicator values are calculated 31.4789 and 30.311 

respectively. These values should be under 20 because obviously the visibility is very good 

and fog density should be very low. On the other hand, GIE algorithm has pretty good 

performance processing good visibility images, but when processing foggy images like Fig. 

5.1(2) and Fig. 5.1(8), the results are incorrect. The reason for poor performance with foggy 

images using GIE algorithm is because this algorithm cannot detect fog. The limitation of 

SVM is also obvious, since it can only divide the images into a few categories, so the 

images in the same category have same visibility value and as a result, it is difficult to 

distinguish between them. The advantage of SVM over the other two algorithms is that the 

SVM library can be updated manually when an error exists and its performance can be 

improved, while errors generated by the other two algorithms cannot be solved with human 

intervention and there is minimal room for performance improvement. 

To conclude, every algorithm has its advantages and limitations and that is why it is 

necessary to combine their result in a way that acquire their advantages.  

Furthermore, to verify the theoretical results obtained using the CVI and other methods, 

several experiments were performed, where some images were collected under extreme 

weather conditions. For each image collected, the visibility distance was measured 

experimentally to allow fair comparison between the theoretical computations and 

measurements. In the experiments, the visibility distance is defined following [82] which 

defines the visibility as the greatest distance at which a black object of suitable dimensions, 

situated near the ground, can be seen and recognized when observed against a bright 
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background. In the experiments, the object considered is a human body. During the 

experiments performed, two persons are involved, the first person remains in a fixed 

location while the second person moves straight on the road until he/she is not visible to 

the stationary person. Once the moving person is declared invisible, the first person 

captures the image, and the distance between them is calculated using their GPS positions. 

A sample of the collected images (Fig. 5.1(2), Fig. 5.1(3), Fig. 5.1(4), Fig. 5.1(8), Fig. 

5.1(10), Fig. 5.1(15)) for the experimental measurements are shown in Figure 5.5. The 

experimental measurements of Figure 5.5 are compared to the theoretical results in Table 

5.3. 

In Table 5.3, the theoretical results that disagree with the experimental measurements 

that we obtained are gray shaded. As it can be noted from the results, the entropy method 

used in [30] has poor results while the DCP method used in [28] shows better performance, 

which can be noted from the difference between the visibility levels for the two cases. This 

can be explained by the fact that these images are foggy images and the DCP method 

calculates the visibility value based on fog density. Nevertheless, the entropy method could 

have better performance for other types of images like night images, as shown in Section 

4.2. On the other hand, because the proposed CVI algorithm combines both the DCP and 

entropy methods and also uses the SVM, it offers the best performance. 
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Figure 5.5: Sample of the captured foggy images for the practical visibility distance 

measurements. 
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Table 5.3: Comparison of visibility results with real measurements 

 Visibility  

Distance (m) 

 (Measured) 

35 67 73 82 296 358 

 Visibility Level 

 (Measured) 
1 1 1 2 3 3 

Visibility Level 

(DCP [28]) 
1 1 1 1 2 3 

 Visibility Level 

 (Entropy [30]) 
4 1 3 3 3 3 

Visibility Level 

(CVI) 
1 1 1 2 2 3 

Visibility Indicator 

(CVI) 
24.6 14.5 22.7 39.6 39.0 55.8 

 

 

Table 5.4: Results of updating SVM library 

SVM 

Category 

Number of 

New Images 

Correctly 

Classified Images 

Accuracy 

(%) 

Category 1 30 28 93.3 

Category 2 42 36 85.7 

Category 3 25 23 92.0 

Category 4 16 15 93.8 

Category 5 22 22 100 

Category 6 36 34 94.4 

Category 7 24 23 95.8 

Total 195 181 - 

Average - - 92.8 

 

As presented in Algorithm 4, Section 4.3, an image library is created for SVM training 

and the system can update the library when new images are available. To measure the 
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reliability of the library, the average accuracy of system classification is found to be 92.8%, 

and the complete results are shown in Table 5.4. It is noted that SVM visibility library has 

seven categories corresponding to seven visibility levels to improve the result accuracy. A 

highly reliable library can be used to determine the visibility level of images and therefore 

determine a more accurate visibility value. 

In order to evaluate the proposed CVI algorithm more comprehensively, we judge our 

experimental results by calculating mean absolute error (MAE) [28], which is defined as 

MAE =  
1

𝑁
 ∑ |�̂�𝑖 − 𝐿𝑖|

𝑁
𝑖=1            (5.1) 

where �̂�𝑖 is the estimated level of visibility, 𝐿𝑖 is the measured level of visibility, {�̂�𝑖 , 𝐿𝑖} 

∈ {1, 2, 3, 4},  and 𝑁 is the number of samples used, which is 500. The relationship between 

the set values (visibility levels 1, 2, 3, 4) and visibility values is shown in Table 5.1. The 

final experimental results are shown in Table 5.5. 

The results of Table 5.5 show that the proposed CVI algorithm has better accuracy and 

is more effective than the methods presented in [28] and [30]. Specifically, the CVI out 

performs the DCP and Entropy methods by about 15.13% and 47.55%, respectively. It is 

noted that the CVI method still shows good performance when processing the images 

captured by other cameras or with low-pixel because CVI is based on the pixel distribution 

which is not affected by different cameras. 

 

  



76 

 

Table 5.5: Results accuracy of different methods 

             Method 

Visibility level 

 

DCP [28] Entropy [30] CVI 

𝐿 = 1 92.7 25.7 93.6 

𝐿 = 2 91.7 52.8 90.3 

𝐿 = 3 59.3 73.3 80.2 

𝐿 = 4 64.7 81.2 85.7 

Avg. Accuracy (%) 76.0 59.3 87.5 

Avg. MAE 0.315 0.508 0.155 

 

The visibility indicator of the images captured on highways can be used as a parameter 

to adjust the speed limit. Directly correlating speed limit and visibility can be difficult 

because different areas have different driving conditions. Yet, it can be beneficial to 

propose some guidelines to correlate them and to notify suggestions and warnings to the 

drivers. After testing with more than 500 images with more than 100 real driving situations 

and according to the suggested speed limit adjustment in [68] [83], we propose the speed 

limit control adjustments as presented in Table 5.6. Finally, the visibility indicator and the 

suggested speed limit adjustment of each real driving condition are sent to the drivers and 

the speed limit control system takes effect. Furthermore, the proposed approach can be 

implemented on portable devices to provide access to meteorological visibility in real-time.  
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Table 5.6: Suggested speed limit adjustment by visibility 

Visibility 

Range 

Visibility 

Level 

Suggested Speed Limit 

Adjustment 

75-100 4 No Change 

50-75 3 Reduce 10% 

25-50 2 Reduce 20% 

0-25 1 Reduce 40% 
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5.4 Summary 

In this chapter, the experimental visibility indicator results obtained by analyzing real 

highway images of the proposed CVI algorithm are presented. The visibility indicator 

results show that the proposed algorithm has a high accuracy of up to 87.5%, while the 

accuracy of some other conventional algorithms is lower. In addition, the comparison of 

the visibility estimation values obtained by the proposed system and real visibility 

measurements from roads is presented to further validate its reliability. Finally, the 

suggested speed limit adjustment based on experimental results and the proposed research 

in [68] [83] is presented for SATC system to improve road safety. 
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

This chapter contains concluding statements regarding the work presented over the 

course of this thesis.  A summary of the performed work is presented first followed by 

several suggestions for possible future developments. 

6.1 Conclusions 

Due to an increasing number of traffic accidents occurred by inappropriate driving speed, 

we proposed a new comprehensive visibility indicator algorithm for an ITS with SATC as 

its main functionality. Since many car accidents occur because of limited visibility, 

visibility is the main reference parameter to dynamically control the speed limit on 

monitored roads in our speed limit control system.  

Darkness and fog are the two main factors which have direct impact on visibility. To 

better detect and calculate the current visibility, we propose a comprehensive visibility 

indicator utilizing three algorithms: DCP, GIE and SVM. DCP is an effective algorithm to 

calculate the fog density of images. We can also calculate visibility indicators using GIE, 

which is an effective method to get the information we want from the images. SVM is also 

used to classify the images by different visibility levels, which leads to more reliable results. 

After combining the three different values using these three algorithms through a 

comprehensive decision-making algorithm, we obtain a more realistic and precise visibility 

indicator called CVI.  
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More than 500 real highway images were used to evaluate the reliability of our system. 

SVM algorithm is important in our system because we create an image library to help 

determine the visibility levels of new images. We trained the SVM for seven visibility 

categories using images from MTO and our system measures the image sets with an 

average accuracy of 91.2%. For the entire system, the experimental results indicate that 

CVI calculated by our proposed method has a high accuracy of up to 87.5% for estimating 

visibility. This is much higher than other popular visibility measurement methods such as 

DCP [28] only and entropy [30] only which have an accuracy of up to 76.0% and 59.3%, 

respectively. This is because these conventional methods are not always effective across 

all driving conditions (DCP is effective for foggy images and GIE has better accuracy for 

non-foggy images). In addition, unlike the techniques presented in [16] and [33], which 

only show good performance when detecting foggy visibility conditions, our method 

exhibits good performance when measuring visibility under almost all the driving 

conditions including foggy, snowy, rainy and dark conditions. To conclude, our technique 

has a high accuracy of 87.5% and better performance than other visibility measurement 

methods found in the literature.  

The ASL values based on CVI can be disseminated to the motorists to help improve road 

safety. The drivers have access to ASL values by IV-Un placed in their vehicles or through 

a downloadable mobile application. A modular SERSU was proposed by our previous 

paper [26] to collect data and capture images on the highways. The overall system also 

includes a MCC that acts as the server to communicate with each SERSUs using 4G/5G 

cellular network. Moreover, unlike previous approaches presented in [16], [18], [23] and 

[24], the visibility value communicated between SERSUs and the server can be accessed 
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in real-time in our ITS, so the proposed technique offers fast response and low overhead 

and as a result can be implemented on portable devices. 

Therefore, the motorists can adjust their driving speed referencing the visibility indicator 

in some poor driving conditions. Unlike the methods applied in [13] [14], the proposed 

new visibility indicator can be used in combination with safe driving in order to reduce 

accidents. Moreover, unlike many other techniques such as the methods in [28] and [30], 

we present real measurements experiments for visibility, which compared visibility 

estimation values with real visibility measurements from roads. Those experiments prove 

the reliability of the results generated by our system.  

In conclusion, the proposed system overcomes the technical difficulties relating to 

visibility detection and shows better performance. Since poor visibility has caused a large 

number of traffic accidents, the proposed system can greatly improve road safety if it is 

widely implemented in the real life. 
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6.2 Future Work 

Some suggested steps to be taken to further improve the visibility estimation technique 

and other functionalities in the ITS proposed in this work are as follows: 

 Consideration of other factors which affect speed limit control such as traffic 

congestion. 

 Development of the other two systems proposed in Section 2.1.1, a PATC and a 

WIS to better monitor pollution and weather. 
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