
 

 

Four Decision Algorithms for Cognitive Agents Learning How to Cross an 

Intersection of Minor and Major Roads and Analysis of Their Performance 

by 

Guanxi Song 

A Thesis 

presented to  

The University of Guelph 

In partial fulfilment of requirements 

for the degree of 

Master of Science 

in 

Mathematics 

Guelph, Ontario, Canada 

© Guanxi Song, January, 2020 



 

 

ABSTRACT 

FOUR DECISION ALGORITHMS FOR COGNITIVE AGENTS LEARNING HOW TO 

CROSS AN INTERSECTION OF MINOR AND MAJOR ROADS AND ANALYSIS OF 

THEIR PERFORMANCE 

Guanxi Song                                  Advisor(s): 

 

University of Guelph, 2019                       Professor A. T. Lawniczak 

Cognitive agents can be used to simulate autonomous robots, which have the ability of 

perceiving, reasoning, judging and learning information and then reacting to this information 

and to the environment. In this thesis a model of simple cognitive agents learning to cross an 

intersection of minor and major roads is introduced. In the model the major and minor roads 

are modeled by cellular automata. The cars on the major road move in accordance with the 

modified rules of the Nagel-Schreckenberg model and the cognitive agents on the minor road 

learn to cross the major road using an observational social learning process. The thesis 

introduces four new decision algorithms for the cognitive agents to learn to cross the 

intersection and investigates cognitive agents’ learning performance for these algorithms and 

for the realistic values of the car traffic parameters. The thesis investigates the effects of the 

model parameters on the cognitive agents’ learning performance using various statistical 

performance indicators. Also, the thesis compares the performance of the four new decision 

algorithms with the performance of the previous decision formula used by the cognitive agents. 

The results obtained from the statistical analysis indicate that the four new decision algorithms 

have distinctively different performances for the different selection of the values of the model 

parameters.  
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Chapter 1 Introduction 

Autonomous robots are programmable machines that are designed to carry out a series of tasks 

with a high degree of autonomy and without human intervention. They have been widely used 

in various kinds of fields such as outer space explorations, discovery and rescue missions, 

manufacturing, transportation, domestic works and delivering services. Because of the 

complexity and sophistication of an autonomous robot, its production, maintenance and repair 

cost may be very expensive. For example, in some exploration missions, like to outer space, 

underground or underwater, where humans cannot access easily, when a component or even a 

small part of an autonomous robot suffers damage during its mission, this may lead to failure 

of the entire mission at a great cost. Thus, one of the potential solutions to this problem, which 

researchers have explored, is to replace structurally and architecturally complex robots with a 

swarm of cheaper and simpler machines that can execute the same tasks, [1] and [2]. 

The advantages of substituting a large group of simple robots for complex robots have been 

presented by many researchers. In general, it is much cheaper to produce many simple robots 

than a complex one. Also, when some of the simple robots break down while performing some 

task, other robots can continue the task without being affected by the impaired ones. This may 

save plenty of resources as the task may still be accomplished without necessity of repairing 

those broken robots first, [1], [3], [4] and [5]. Another advantage arises from the modeling and 

simulation perspective. Before producing an autonomous robot, designers need to build and 

simulate its model with software to test whether the performance of a virtual robot fulfills the 

expected requirements. It is easier for designers to build and simulate the models of simpler 

robots than the complex ones, [6], [7] and [8]. 

In order to satisfy software implementation of modeling and simulating simple autonomous 

robots, cognitive agents, which are able to interact with the environment and with each other, 

are introduced to abstract autonomous robots, [6] – [14]. Each cognitive agent must have an 

ability to perceive information from its surroundings and from other agents, to reason about 
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this information, to judge the received information and eventually, based on the processed 

information, the cognitive agent may react to the environment and to other agents. Additionally, 

the cognitive agent has an ability to learn from its past experiences and interactions, [6] – [14]. 

Inspired by neurobiology and biomimicry, a cognitive agent’s learning ability arises from its 

reactions, interactions and acquired knowledge during the reasoning and judging process. The 

learning ability of a cognitive agent can be viewed as an extraordinary accomplishment 

achieved by artificial intelligence. 

With the rapid development of scientific research on intelligent agents, multi-agent systems 

and swarm intelligence, swarms of cognitive agents have shown great potential in simulating 

all kinds of realistic problems, [1], [2] and [6] – [14]. As a special representative of autonomous 

robots, autonomous vehicles can be also modeled and simulated by cognitive agents. In [9], 

[10] and [11], Lawniczak, Di Stefano and Ernst were interested in studying the performance of 

a group of minimal cognitive agents learning to cross a highway without being hit by the 

oncoming cars. Their model could be considered as an abstraction of the situation in which an 

autonomous vehicle crossing a highway suddenly encounters an oncoming car and this 

autonomous vehicle must learn to make an instantaneous decision to cross or to wait. To study 

the learning performance of cognitive agents, Lawniczak, Di Stefano and Ernst built a cellular-

automaton-like (CA-like) highway model, which was inspired by the Nagel-Schreckenberg 

traffic model [15], and they called the minimal cognitive agents “creatures”, [9], [10] and [11]. 

In their work, Lawniczak, Di Stefano and Ernst implemented an “observational social learning” 

mechanism for the creatures, i.e. the creatures used the principle “If this situation worked well 

for somebody else, it will probably work for me, and thus I will imitate that somebody else. If 

this situation did not work well for somebody else, it will probably not work for me, thus I will 

not imitate that somebody else.”, [14]. This mechanism was implemented in the form of a 

decision formula, which each creature used to decide whether to cross the highway or not. This 

formula was based on the assessments of creatures’ crossing decisions and was named later as 

a “crossing-based Decision Formula” (cDF) in [16], [22] and [23]. Through simulations, 
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Lawniczak, Di Stefano and Ernst illustrated that the numbers of creatures that could 

successfully cross a single-lane unidirectional highway were affected by the conditions of the 

environment (e.g., traffic density of the highway), by the creatures’ observational learning 

ability, by their ability to change the crossing point and by their emotional states. Lawniczak, 

Di Stefano and Ernst used values of parameters Desire and Fear to represent the emotional 

states of creatures, i.e. their propensity to risk taking (Desire) and their aversion to risk taking 

(Fear), [9], [10] and [11]. The initial model introduced by Lawniczak, Di Stefano and Ernst, 

was later modified by Yu and Lawniczak by changing the knowledge-based table transfer (KBT) 

procedure and by adding the assessments of the creatures’ waiting decisions into the creatures’ 

crossing based decision-making formula. In [22] and [23], Yu and Lawniczak compared the 

performance of the crossing-based Decision Formula (cDF) with the performance of its 

modification called the “crossing-and-waiting-based Decision Formula” (cwDF), and they 

verified that the learning performance of cognitive agents was indeed improved by using the 

knowledge-based table transfer and by using the new decision formula cwDF instead of cDF. 

In this thesis, we further modify the model, which was constructed by Lawniczak, Di Stefano 

and Ernst in [9], [10] and [11] and modified later by Yu and Lawniczak in [16], [22] and [23]. 

We discuss the selection of appropriate environment parameters that are considered in the 

model, e.g. traffic density of the road. We introduce a modification of the fuzzy values of 

proximity and velocity categories of the virtual model, which is based on rescaling the 

realistically observable proximity and velocity values to the ones of the CA-based model. We 

introduce four new decision algorithms (DAs) of cognitive agents, which are different from the 

previous decision-making formulas, i.e. cDF and cwDF. The introduced DAs are based on 

probabilities of the cognitive agents’ successful and unsuccessful decisions, which they make 

during their learning process to cross the road. We investigate the learning performance of 

cognitive agents by using various statistical performance indicators. The introduction of four 

new decision algorithms and the statistical analysis of the learning performance of cognitive 

agents constitute the main part of this thesis. Finally, we make conclusions based on the 
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presented statistical analysis and suggest potential future work. 

The thesis is organized as follows: In Chapter 2, we describe the model of cognitive agents 

learning to cross a unidirectional single-lane road. We describe all the components of the model, 

i.e. its CA-like environment consisting of roads, cars and cognitive agents, and their knowledge 

base and their decision-making algorithms. Next, we describe the main simulation loop of the 

model, i.e. how various components of the model are linked together into the algorithmic 

simulation. In Chapter 3, we discuss all the parameters and their values used in the presented 

simulations. In Chapter 4, we describe the statistical performance indicators used in this thesis 

to analyze the learning performance of cognitive agents. In Chapter 5, we compare the learning 

performance of cognitive agents among different decision algorithms. Also, we investigate the 

effects of model parameters on the learning performance of cognitive agents. We investigate 

how the transfer of pre-existing knowledge/information improves the learning performance of 

cognitive agents, and we compare the results obtained from the agents using each of the four 

new decision algorithms with the results obtained from the agents using cwDF instead. In 

Chapter 6, we draw the conclusions from the results obtained in Chapter 5 and we outline 

potential future work that could improve and further advance the model. 
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Chapter 2 The Model 

2.1 Model Description 

The problem we are interested in is the learning performance of a group of simple cognitive 

agents learning to cross a road without being hit by the oncoming cars. Therefore, the model 

consists of three principal components: the road, the cars that move on the road and the 

cognitive agents that learn to cross the road. 

Firstly, the road is modeled by cellular automaton. This means that each cell on the road has a 

finite number of states and a new state of each cell is affected by itself and by the states of its 

neighbour cells. Secondly, each car on the road is modeled by a virtual structure. Cars are 

generated with a predefined parameter – Car Creation Probability, the value of which is set in 

the configuration file. At each time update, cars, which are moving on the road, implement four 

consecutive steps in parallel, i.e. acceleration, slowing down, random deceleration and car 

motion. These four steps will be introduced in Section 2.3. The car traffic model used in this 

thesis is a modification of the Nagel-Schreckenberg model [15], in which we modified the 

initial velocities of cars, the boundary condition of the model and the random deceleration 

condition of cars. As a result, we call our model – the modified Nagel-Schreckenberg model. 

We will discuss these modifications in details in Sections 2.3 and we will justify these 

modifications in Section 3.2.4. Finally, the cognitive agents are modeled by virtual structures 

as well. They are generated along with a pair of values of predefined parameters – Desire and 

Fear, which can be interpreted, respectively, as the emotional propensity to risk taking and 

aversion to risk taking. Cognitive agents can make either crossing decisions or waiting 

decisions based on the given decision algorithm and information contained in the knowledge-

based table. All the decision algorithms are based on the “observational social learning” 

principle [14], i.e. if a strategy was successful, then it should be successful when it is applied 

again with some small changes to a new situation, [9]. While making decisions, cognitive 
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agents use the knowledge/information about the performance of agents previously attempting 

to cross the road in the current traffic environment. Also depending on a simulation setup, they 

may use pre-existing knowledge, which they obtained in a different traffic environment, to 

improve their learning performance. After a cognitive agent makes its decisions, it may cross 

the road, if the decision algorithm indicates to cross. Or alternatively, it may wait at the crossing 

point for the next crossing opportunity, if the decision algorithm indicates to wait. 

In this chapter, we will describe all the key components of the model and the main simulation 

loop. 

2.2 The Road 

In our model, it is assumed that cars move on a road, called the major road and cognitive agents 

move on another road, called the minor road. We assume that the major road is bisected by the 

minor road, i.e. the minor road intersects the major road at its middle point in the simulation 

model. We call the cell on the minor road, which is the closest to the intersection – Crossing 

Point (CP). It is assumed that there is a stop sign at the crossing point of the roads to ensure 

that cognitive agents must stop at the crossing point and observe the oncoming traffic on the 

major road before they make decisions to cross or to wait. Ontario’s secondary highways are 

examples of the major and the minor roads abstraction, which is implemented in this model. 

Generally, there are few traffic lights controlling intersections on Ontario’s secondary 

highways. Thus, in this thesis we consider a model of an unsignalized intersection of a major 

road with a minor road. In this model when a cognitive agent decides to cross the major road, 

it must observe the traffic conditions on the major road, and its motion depends on its 

observation, its emotional propensity to risk taking or its aversion to risk taking and the 

information about how other agents performed in similar observational situations when 

crossing the major road. This description provides the background of the model in which the 

influence of the traffic lights on cognitive agents learning to cross the major road is excluded. 
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The major and the minor road may have single lane or multiple lanes and they may be 

unidirectional or bidirectional. In our model, we only consider the simplest case – a single-

lane eastbound major road (i.e., traffic flow on the major road is from west to east) and a single-

lane northbound minor road (i.e., traffic flow on the minor road is from south to north). 

As we mentioned in Section 2.1, we model the major and the minor road by means of cellular 

automata. Therefore, each cell of the major and of the minor road has two states in our model: 

(1) empty, if there is no car in the cell, or (2) occupied, if there is a car in the cell. The major 

road consists of 120 cells in total, with each cell representing 7.5 meters length of the physical 

road [16], [22] and [23]. The speed limit on the major road is 80 𝑘𝑚 ∙ ℎ−1  according to 

Ontario’s Secondary Highway Regulation, [17] and [18]. The minor road does not have a 

specified length because we only focus on the crossing situation of cognitive agents, i.e. if a 

cognitive agent was hit by an oncoming car on the major road or if it was able to cross the 

major road successfully. The crossing point is aligned with the 60𝑡ℎ cell on the major road, 

which is the middle cell on the major road. 

2.3 Cars 

Cars are modeled by virtual structures. They are generated with a predefined parameter – 

Car Creation Probability (CCP). CCP indicates the likelihood with which a car is generated at 

each time update, so it is utilized to control the creation frequency of cars in the entire 

simulation. In addition, CCP can be viewed as an important indicator of the major road’s traffic 

environment because it can be used to control traffic density on the major road. We will discuss 

the values of Car Creation Probabilities (CCPs) that we use in the simulation in Section 3.2.4.  

In the simulation, each car is generated with a random initial velocity between 0 and the 

predefined maximum velocity 108 𝑘𝑚 ∙ ℎ−1. We will justify the use of random initial velocity 

in Section 3.2.4. The “entry condition” of cars is described as: before a car moves onto the 

major road, it checks the number of its front free cells, i.e. cells that are not occupied by other 
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cars. If the number of the car’s front free cells is greater than its initial velocity, then this car 

will move onto the major road. Otherwise, this car will be placed in the waiting queue of the 

major road and this car is unable to move onto the major road until the number of its front free 

cells is greater than its initial velocity.  

After cars move onto the major road, they perform four consecutive steps in parallel at each 

time update, i.e. (1) acceleration; (2) slowing down; (3) random deceleration; (4) car motion. 

These four steps can be briefly described as follows: 

(1) Acceleration: if a car’s current velocity 𝑣 is less than the maximum velocity 𝑣𝑚𝑎𝑥 and 

if the distance between this car and the car immediately in front of this car is greater than 

𝑣 + 1, then the velocity of this car is advanced by one, i.e. 𝑣 → 𝑣 + 1. 

(2) Slowing down: if a car at cell 𝑖 observes a car immediately in the front at cell 𝑖 + 𝑗 (with 

𝑗 ≤ 𝑣), then this car slows down its velocity to 𝑗 − 1, i.e. 𝑣 → 𝑗 − 1. 

(3) Random deceleration: with probability 𝑝, a velocity 𝑣 of each car (if 𝑣 > 1) is reduced 

by one, i.e. 𝑣 → 𝑣 − 1, if 𝑣 > 1. Notice that, in the Nagel-Schreckenberg model [15], 

this rule is described as: with probability 𝑝 , the velocity 𝑣  of each car (if 𝑣 ≥ 1 ) is 

reduced by one, i.e. 𝑣 → 𝑣 − 1, if 𝑣 ≥ 1. We will justify why in our model we use the 

random deceleration condition 𝑣 > 1  rather than 𝑣 ≥ 1  in Section 3.2.4. The 

randomness of the deceleration is uniform and the random deceleration is triggered by the 

probability 𝑝. We will discuss details about the random deceleration in Section 3.2.2.   

(4) Car motion: each car moves forward 𝑣 cells. 

Acceleration, slowing down and car motion procedures in our model are the same as the rules 

described in the Nagel-Schreckenberg model [15]. However, the random deceleration 

procedure is modified in our model. As mentioned above, the random deceleration condition is 

𝑣 > 1  in our model, while it is 𝑣 ≥ 1  in the Nagel-Schreckenberg model. The value of 

random deceleration will be given in Section 3.2.2 and the modification of random deceleration 
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will be justified in Section 3.2.4. Another modification that we made to the Nagel-

Schreckenberg model is that in our model we allow cars to enter the road to have a random 

initial velocity rather than an initial velocity zero.  

During the process of car motion, an oncoming car may hit a cognitive agent. The oncoming 

car is the closest car to the left of an agent at the time when the agent makes the decision at the 

crossing point. If the agent decides to cross, then it moves to the 60𝑡ℎ cell of the major road. 

At the same time the oncoming car moves forward to a new cell. If the oncoming car moves to 

a cell with index greater than or equal to 60, then the oncoming car will hit the cognitive agent 

and the agent’s crossing decision is not a correct one. If the oncoming car moves to a cell with 

index less than 60, then the agent will not be hit by the car. Thus, its crossing decision is a 

correct one.   

As can be seen from the above description, the initial velocities of the cars and the random 

deceleration condition of the cars are different from those in the original Nagel-Schreckenberg 

model. Hence, we call our model – a modified Nagel-Schreckenberg model. 

2.4 Cognitive Agents  

A population of cognitive agents is used to simulate autonomous vehicles learning to cross the 

major road and they are modeled by virtual structures in the simulation. As the aim of this 

thesis is to analyze the learning performance of these cognitive agents, we will put emphasis 

in this section on the introduction of all the key points concerning cognitive agents in this model. 

For software implementation and visualization of the model, we need to discretize the space 

and the time by making use of integers. We have discretized the space with the help of cellular 

automaton method in which cars only travel integer cells (i.e., 1 cell, 2 cells, 3 cells, etc.) for 

each time update. As to the discretization of the time, we use time steps (i.e., time step 1, time 

step 2, time step 3, etc.) to indicate each time update in the simulation. 
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In next section, we will discuss a pair of attributes, i.e. Desire and Fear, which each newly 

generated cognitive agent is born with. 

2.4.1 Desire and Fear 

Inspired by the emotional states of creatures, cognitive agents can be naturally divided into 

three subgroups – risk takers, risk avoiders and rational agents. Risk takers show more 

propensity to cross the major road than risk avoiders and rational agents, even though it is 

dangerous to cross the major road due to the probable collision with the oncoming cars. Risk 

avoiders show more aversion to cross the major road than risk takers and rational agents, even 

though it is apparently safe enough to cross the major road. Rational agents are accustomed to 

making decisions based on some pre-existed references (e.g., knowledge base) rather than 

based on emotional inclinations.  

Thus, to represent the emotional states for cognitive agents, the attributes – Desire and Fear are 

used in this model. Desire is used to stand for the propensity to cross the road and Fear is used 

to stand for the aversion to cross the road. The attributes of Desire and Fear are identified by 

the parameters Desire and Fear in the configuration file. Furthermore, to digitize the attributes 

of Desire and Fear, we can take advantage of a pair of non-negative numerical values – 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟). Desire and Fear are variables in the range 0 to 1, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 

𝑣(𝐹𝑒𝑎𝑟) ∈ [0, 1]. We normalize all the values between 0 and 1 so that it is possible to make a 

comparison between 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) , 𝑣(𝐹𝑒𝑎𝑟)  and experimental conditional probabilities in 

Section 2.4.4. The magnitudes of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) represent the level of respective 

emotional states. The greater the value is, the stronger the emotional state is. When 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), the agent is a risk taker, and when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), the agent 

is a risk avoider, and when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), the agent is a rational one.  

In order to create a diverse population of cognitive agents based on the attributes of Desire and 

Fear, each newly generated cognitive agent should be randomly and independently assigned 
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with a pair of attributes, i.e. the attribute of Desire and the attribute of Fear, with equal 

probability 0.5 for each attribute. In other words, each newly generated cognitive agent may 

have: (1) Desire & Fear with probability 0.25; (2) Desire & no Fear with probability 0.25; (3) 

no Desire & Fear with probability 0.25; (4) no Desire & no Fear with probability 0.25. As a 

result, these four types of agents will be uniformly distributed among the population of 

cognitive agents in the simulation. The probability distribution of combinations of attributes, 

Desire and Fear, in the population of cognitive agents is illustrated as follows. 

Table 2-1: The probability distribution of combinations of attributes, Desire and Fear, in the 

population of cognitive agents. 

Cognitive agents Fear no Fear 

Desire 1/4 1/4 

no Desire 1/4 1/4 

Therefore, at each time step, a new cognitive agent is generated with one of the above four 

types. Here, we give an example to help readers to better understand this process. For instance, 

a pair of values of parameters, Desire and Fear, are set as 0.25 and 0.5 at the configuration file, 

i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 0.25  and 𝑣(𝐹𝑒𝑎𝑟) = 0.5 . Then at each time step, an agent is generated 

with either (0.25, 0.5) or (0.25, 0.0), or (0.0, 0.5), or (0.0, 0.0) Desire and Fear values. The 

probability of each of these values is equally like, i.e. 0.25. Eventually, at the end of simulation, 

one quarter of the population of cognitive agents has (0.25, 0.5) Desire and Fear values, while 

one quarter has (0.25, 0.0), and another quarter has (0.0, 0.5), and the last quarter has (0.0, 0.0). 

After we introduce a pair of parameters, Desire and Fear, we are going to discuss what kind of 

decisions that cognitive agents can make and the resulting outcomes of these decisions. 

2.4.2 Decision Types and Their Assessments 

Before crossing the major road, cognitive agents must observe the traffic on the major road and 

then they make decisions according to their observational results. In this model, cognitive 
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agents can make two types of decisions: (1) crossing decision, or alternatively, (2) waiting 

decision. There are two type of assessments for each type of decisions, i.e. (1) correct decision 

or (2) incorrect decision. Thus, all cases of the assessments of decisions can be summarized as 

follows: 

1) Correct crossing decision (CCD): a cognitive agent decides to cross the major road and it 

crosses successfully. 

2) Incorrect crossing decision (ICD): a cognitive agent decides to cross the major road but it 

is hit by the oncoming car. In other words, it should have waited at the crossing point for 

the next crossing chance. 

3) Correct waiting decision (CWD): a cognitive agent decides to wait at the crossing point for 

the next crossing chance and thus, it avoids being hit by the oncoming car. In other words, 

it would be hit by the oncoming car if it attempted to cross the major road. 

4) Incorrect waiting decision (IWD): a cognitive agent decides to wait at the crossing point for 

the next crossing chance but it misses the current chance to cross the major road. In other 

words, it could have crossed the major road successfully if it tried to cross. 

The above assessments of each type of decisions are demonstrated by the following Table 2-2. 

Table 2-2: Assessments of each type of decisions. 

Decision                          Result Correct Incorrect 

Crossing CCD ICD 

Waiting CWD IWD 

As discussed above, after a cognitive agent observes the traffic on the major road, it may decide 

to cross the road or alternatively, it may decide to wait at the crossing point. After the agent 

makes its decision, this decision will be assessed as follows, i.e. CCD or ICD, or CWD, or 

IWD. 
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In next section, we will introduce a powerful tool – knowledge-based table, which is used to 

record the cumulative numbers of assessments of each type of decision. This table will be 

essential in the decision-making procedure that is described in Section 2.4.4. 

2.4.3 Knowledge-based Table 

In this section, we introduce a time dependent knowledge-based table (called KB table), which 

is used to record the cumulative numbers of assessments of each type of decision of cognitive 

agents in our model. The KB table is designed based on the crossing point, i.e. each crossing 

point has its own KB table to record the cumulative numbers of assessments of each type of 

decisions, whereas the frameworks of KB tables of different crossing points are identical.  

It is important to have the KB table for cognitive agents to implement their “observational 

social learning” [14] strategy. For the given traffic environment, at each time step 𝑡 , the 

cognitive agent attempting to cross the major road identifies the observed proximity and 

velocity types of an oncoming car, and it accesses the information of the corresponding entry 

of the KB table to make a decision to cross or to wait. Therefore, at each time step 𝑡, the 

decision made by the cognitive agent is based on the KB table record of cumulative assessments 

of decisions of all prior cognitive agents that attempted to cross the major road within the past 

𝑡 − 1 time steps. This is a learning process of cognitive agents and as time progresses, the 

latter cognitive agents gain more and more knowledge/information from the past experiences 

of the former cognitive agents. 

The KB table consists of rows for different proximity categories and columns for different 

velocity categories. The reason why we use categories but not precise numbers for proximity 

and velocity is that we assume cognitive agents cannot recognize “crisp values”, [9] and [10], 

and they can only evaluate a number as a fuzzy category. (e.g., “close”, “medium”, “far” or 

“out of range” for proximity and “slow”, “medium”, “normal” or “above speed limit” for 

velocity.) Hence before we construct the KB table, we need to properly define proximity and 
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velocity categories.  

2.4.3.1 Quantitative Comparison with Realistic Traffic Regulation 

According to Ontario’s Secondary Highway Regulation, the posted speed limit of highways, 

numbered from 502 to 673, is 80 𝑘𝑚 ∙ ℎ−1, [17] and [18]. Hence, we can intuitively classify 

the velocity of cars into four categories as follows: 

1) Slow: a car travels with a velocity belonging to [0 𝑘𝑚/ℎ, 27 𝑘𝑚/ℎ]. 

2) Medium: a car travels with a velocity belonging to (27 𝑘𝑚/ℎ, 54 𝑘𝑚/ℎ]. 

3) Normal: a car travels with a velocity belonging to (54 𝑘𝑚/ℎ, 81 𝑘𝑚/ℎ]. 

4) Above speed limit: a car travels with a velocity belonging to (81 𝑘𝑚/ℎ, 108 𝑘𝑚/ℎ]. 

As mentioned earlier, we have discretized the space and the time by taking advantages of 

integer cells and integer time steps, i.e. the space is represented by cells and the time is 

represented by time steps. To transform velocity categories to equivalent categories in terms of 

discretized space and time, we use the following formula, which can be derived based on [15]: 

𝑛 (
𝑐𝑒𝑙𝑙

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
) =

𝑉 (
𝑘𝑚
ℎ )

3.6(
𝑠
𝑚

×
𝑘𝑚
ℎ

) × 7.5 (
𝑚

𝑐𝑒𝑙𝑙
)

× 3 (
𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
), 

(2.1) 

where 𝑛 represents the number of cells that a car travels in each time step. 𝑉 represents the 

velocity of a car with the unit 𝑘𝑚 ∙ ℎ−1. 3.6 is a constant factor transforming unit 𝑘𝑚 ∙ ℎ−1 

to unit 𝑚 ∙ 𝑠−1 because 1 𝑚 ∙ 𝑠−1 = 3.6 𝑘𝑚 ∙ ℎ−1. 7.5 corresponds to the length of each 

cell on the road, with the unit 𝑚 ∙ 𝑐𝑒𝑙𝑙−1 and 3 arises from the fact that we take 3 seconds as 

duration of 1 time- step in the simulations.  

After substituting the values of physical velocity classifications for 𝑉 in the formula (2.1), we 
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obtain automaton velocity categories in terms of cells and time steps as follows: 

1) Slow: a car travels with a velocity belonging to [0
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 3

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. 

2) Medium: a car travels with a velocity belonging to [4
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 6

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. Notice that, 

after substituting the values of medium physical velocity classification for 𝑉 in the formula 

(2.1), we obtain the velocity belonging to (3
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 6

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. As a car can only move 

forward an integer number of cells per time step, (3
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 6

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
] is equivalent to 

[4
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 6

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. We will use this property in the following velocity category 3) and 

4).  

3) Normal: a car travels with a velocity belonging to [7
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 9

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. 

4) Above speed limit: a car travels with a velocity belonging to [10
𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 12

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. 

With the help of above obtained velocity categories, we can define proximity categories as 

follows: 

1) Close: the proximity less than which a car with a velocity belonging to the slow velocity 

category is capable to stop before colliding with a cognitive agent.  

2) Medium: the proximity greater than close proximity and less than which a car with a velocity 

belonging to the medium velocity category is capable to stop before colliding with a 

cognitive agent.  

3) Far: the proximity greater than medium proximity and less than which a car with a velocity 

belonging to the normal velocity category is capable to stop before colliding with a cognitive 

agent. 

4) Out of range: the proximity which is farther than far proximity. Note that, we do not use 
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“very far” for this proximity because this proximity is too far for cognitive agents to observe 

the velocities of cars and therefore, cognitive agents cannot perceive the categories of cars’ 

velocities. Thus, we use “out of range” to imply that the proximity is out of the agents’ 

observational horizon.  

Now, we can define proximity categories in terms of cells. The stopping distance 𝐷 expressed 

in meters (i.e., 𝐷 (𝑚)) is equal to the summation of reaction distance 𝐷1 (i.e., 𝐷1 (𝑚)) and 

braking distance 𝐷2 (i.e., 𝐷2 (𝑚)), i.e. 

𝐷 (𝑚) = 𝐷1 (𝑚) + 𝐷2 (𝑚). (2.2) 

The reaction distance 𝐷1 is given by: 

𝐷1 (𝑚) =
𝑉 (

𝑘𝑚
ℎ )

3.6(
𝑠
𝑚 ×

𝑘𝑚
ℎ )

× 𝑇𝑟  (𝑠), 

(2.3)  

where 𝑉 is the current velocity with unit 𝑘𝑚 ∙ ℎ−1; 𝑇𝑟 is the reaction time with unit seconds 

and typically, 1.5𝑠 is used as the value of 𝑇𝑟 for the average reaction time, [19] and [20]; 

3.6 is used as a constant factor due to 1 𝑚 ∙ 𝑠−1 = 3.6 𝑘𝑚 ∙ ℎ−1. 

Based on the Newton’s second law and the equations of motion, the braking distance 𝐷2 is 

given by: 

𝐷2 (𝑚) =

(
𝑉 (

𝑘𝑚
ℎ

)

3.6 (
𝑠
𝑚 ×

𝑘𝑚
ℎ )

)

2

2 × 𝜇 × 𝑔 (
𝑚
𝑠2)

, 

(2.4) 

where 𝑉 is the current velocity with unit 𝑘𝑚 ∙ ℎ−1; 𝑔 is the gravity of the Earth that takes 



 

17 

 

the value of 9.8 𝑚 ∙ 𝑠−2; 𝜇 is the friction coefficient that takes the value of 0.7 on the dry 

road, [21]. 

Again, after substituting the values of physical velocity classifications for 𝑉 in formulas (2.2), 

(2.3) and (2.4), we obtain automaton proximity categories in terms of cells as follows: 

1) Close proximity: the distance is rounded to 15.35 m, which is greater than 0 cells (i.e., 0 m) 

and less than 3 cells (i.e., 22.5 m). Thus, we define the range of “close proximity” as 

[0 𝑐𝑒𝑙𝑙, 3 𝑐𝑒𝑙𝑙𝑠]. 

2) Medium proximity: the distance is rounded to 38.90 m, which is greater than 3 cells (i.e., 

22.5 m) and less than 6 cells (i.e., 45 m). Thus, we define the range of “medium proximity” 

as [4 𝑐𝑒𝑙𝑙𝑠, 6 𝑐𝑒𝑙𝑙𝑠]. 

3) Far proximity: the distance is rounded to 70.65 m, which is greater than 6 cells (i.e., 45 m) 

and less than 10 cells (i.e., 75 m). Thus, we define the range of “far proximity” as 

[7 𝑐𝑒𝑙𝑙𝑠, 10 𝑐𝑒𝑙𝑙𝑠]. 

4) Out of range: the distance is defined as [11 𝑐𝑒𝑙𝑙𝑠, 𝑖𝑛𝑓𝑖𝑛𝑖𝑡𝑦]. 

Based on the defined digital proximity and velocity categories, the KB table can be built to 

store the cumulative numbers of assessments of each type of decisions of cognitive agents 

attempting to cross the major road as time evolves. The information stored in the KB table is 

utilized by cognitive agents to make their decisions to cross or to wait. This information 

indicates the knowledge about successes or failures of cognitive agents in learning to cross the 

major road. Additionally, this information will be transferred from the agents in one traffic 

environment to the agents in another one to improve the learning performance of cognitive 

agents. The process of knowledge-based table transfer will be discussed in Section 2.4.5 and 

the traffic environment, which is determined by the values of Car Creation Probabilities, will 

be will be discussed in Section 3.2.4.  
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2.4.3.2 Construction of the KB Table 

Now, since we have four proximity categories (i.e., close, medium, far and out of range) and 

four velocity categories (i.e., slow, medium, normal and over speed limit), we will assign them, 

respectively, to the rows and columns of the KB table. 

The index 𝑖 (𝑖 = 1, 2, 3) is used as the row index to denote the 𝑖𝑡ℎ proximity category. (i.e., 

the 1𝑠𝑡 row represents close proximity category; the 2𝑛𝑑 row represents medium proximity 

category; the 3𝑟𝑑 row represents far proximity category.) Note that, the last row of the KB 

table represents out of range proximity category but we do not use the index 𝑖 = 4 to stand 

for it because nothing related to velocities of cars can be observed by cognitive agents from 

such a proximity. Therefore, there is only one entry in the last row of the KB table, which is 

denoted by the index 𝑂𝑅.  

The index 𝑗 (𝑗 = 1, 2, 3, 4) is used as the column index to denote the 𝑗𝑡ℎ  velocity category. 

(i.e., the 1𝑠𝑡 column represents slow velocity category; the 2𝑛𝑑 column represents medium 

velocity category; the 3𝑟𝑑  column represents normal velocity category; the 4𝑡ℎ  column 

represents over speed limit category.) 

After identifying, respectively, the rows and columns of the KB table with proximity and 

velocity categories, each entry of the KB table contains four numbers at the beginning of each 

time step 𝑡, i.e. the number of CCDs, ICDs, CWDs and IWDs, which have been accumulated 

up to time 𝑡 − 1 (inclusive) in a single simulation run 𝑘 for the corresponding proximity and 

velocity category. Note that in the process of the software implementation of the model, at the 

beginning of each time step 𝑡, the KB table records the cumulative numbers of decisions up to 

time 𝑡 − 1. At the end of each time step 𝑡, the KB table records the cumulative numbers of 

decisions up to time 𝑡. 

To be more specific, for each single simulation run 𝑘, at the beginning of each time step 𝑡 

and at each 𝑖𝑗𝑡ℎ  (1 ≤ 𝑖 ≤ 3, 1 ≤ 𝑗 ≤ 4) entry of the KB table, the number of CCDs, ICDs, 
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CWDs and IWDs are denoted, respectively, by 𝑛𝐶𝐶𝐷𝑖𝑗𝑘
(𝑡 − 1), 𝑛𝐼𝐶𝐷𝑖𝑗𝑘

(𝑡 − 1), 𝑛𝐶𝑊𝐷𝑖𝑗𝑘
(𝑡 −

1) and 𝑛𝐼𝑊𝐷𝑖𝑗𝑘
(𝑡 − 1). For each single simulation run 𝑘, at the beginning of each time step 

𝑡 and at the 𝑂𝑅 entry of the KB table, the number of CCDs, ICDs, CWDs and IWDs are 

denoted, respectively, by 𝑛𝐶𝐶𝐷𝑂𝑅𝑘
(𝑡 − 1) , 𝑛𝐼𝐶𝐷𝑂𝑅𝑘

(𝑡 − 1) , 𝑛𝐶𝑊𝐷𝑂𝑅𝑘
(𝑡 − 1)  and 

𝑛𝐼𝑊𝐷𝑂𝑅𝑘
(𝑡 − 1). 

As a result of the above description, the time dependent KB table at the beginning of time step 

𝑡, in a single simulation run 𝑘, can be displayed as follows. 
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Table 2-3: The time dependent KB table at the beginning of time step 𝑡, in a single 

simulation run 𝑘. 

      Velocity 

        (cells/time 

step) 

Distance 

(cells) 

Slow 

[0, 3] 

[0 
𝑘𝑚

ℎ
, 27 

𝑘𝑚

ℎ
] 

Medium 

[4, 6] 

(27
𝑘𝑚

ℎ
, 54 

𝑘𝑚

ℎ
]  

Normal 

[7, 9] 

(54 
𝑘𝑚

ℎ
, 81 

𝑘𝑚

ℎ
] 

Above speed limit 

[10, 12] 

(81 
𝑘𝑚

ℎ
, 108 

𝑘𝑚

ℎ
] 

Close 

[0, 3] 

[0 𝑚, 22.5 𝑚] 

𝑛𝐶𝐶𝐷11𝑘
(𝑡 − 1),  

𝑛𝐼𝐶𝐷11𝑘
(𝑡 − 1), 

𝑛𝐶𝑊𝐷11𝑘
(𝑡 − 1), 

𝑛𝐼𝑊𝐷11𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷12𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷12𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷13𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷13𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷14𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷14𝑘
(𝑡 − 1) 

Medium 

[4, 6] 

(22.5 𝑚, 45 𝑚] 

𝑛𝐶𝐶𝐷21𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷21𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷22𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷22𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷23𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷23𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷24𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷24𝑘
(𝑡 − 1) 

Far 

[7, 10] 

(45 𝑚, 75 𝑚] 

𝑛𝐶𝐶𝐷31𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷31𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷32𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷32𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷33𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷33𝑘
(𝑡 − 1) 

𝑛𝐶𝐶𝐷34𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷34𝑘
(𝑡 − 1) 

Out of range 

[11, 𝑖𝑛𝑓𝑖𝑛𝑖𝑡𝑦] 

(75 𝑚, 𝑖𝑛𝑓𝑖𝑛𝑖𝑡𝑦) 

𝑛𝐶𝐶𝐷𝑂𝑅𝑘
(𝑡 − 1), 

…, 

𝑛𝐼𝑊𝐷𝑂𝑅𝑘
(𝑡 − 1) 

When knowledge-based table transfer is not implemented, the KB table is initialized as a blank 

table at the beginning of the simulation within each traffic environment (i.e., for each value of 

CCP). This means that within each traffic environment, cognitive agents are born in “tabula 

rasa” [9] state. i.e. they do not have any pre-existing knowledge about the performance of other 

agents in any traffic environments. However, when knowledge-based table transfer is 

implemented, the KB table is only blank at the beginning of the simulation within the first 
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traffic environment (i.e., the one with the smallest value of CCP. This can be referred from the 

previous results in [9], [22] and [23].) and it is not blank at the beginning of the simulation for 

other traffic environments. Thus, except for the traffic environment with the smallest value of 

CCP, cognitive agents are born with pre-existing knowledge in any other traffic environments. 

The implementation of knowledge-based table transfer (KBT) will be discussed in Section 

2.4.5. 

2.4.4 Decision Algorithms 

Using the information contained in the KB table constructed in Section 2.4.3.2, cognitive 

agents will be able to make decisions based on each of four new Decision Algorithms (DAs), 

which will be introduced in the following Sections 2.4.4.3, 2.4.4.4, 2.4.4.5 and 2.4.4.6. Each 

of these DAs is designed based on the information about successes and failures of cognitive 

agents’ decisions for the perceived fuzzy categories of proximities and velocities. The four DAs 

introduced in this thesis, are probability-based algorithms and they are different from the 

original cDF (crossing-based Decision Formula) introduced by Lawniczak, Di Stefano and 

Ernst in [9] and cwDF (crossing-and-waiting-based Decision Formula) introduced by Yu and 

Lawniczak in [16], [22] and [23]. The names of these four new DAs are: crossing decisions 

probability-based decision algorithm (cDA), waiting decisions probability-based decision 

algorithm (wDA), crossing & waiting decisions probability-based decision algorithm (cwDA) 

and waiting & crossing decisions probability-based decision algorithm (wcDA). The names of 

these four DAs reflect the decision types on which they are based and the names of cwDA and 

wcDA also reflect the order in which the decision types are considered. 

Before we introduce the four new DAs, it is necessary to introduce some spaces and some 

experimental probabilities in these spaces. 
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2.4.4.1 Experimental Probabilities 

From now on, we use the notation 𝑠 to represent the (𝑖, 𝑗) or the 𝑂𝑅 entry of the KB table, 

i.e. 𝑠 ∈ 𝑇0 = {(𝑖, 𝑗)|1 ≤ 𝑖 ≤ 3, 1 ≤ 𝑗 ≤ 4} ∪ {𝑂𝑅} . The decision types CCD, ICD, CWD, 

IWD, made for the traffic observation 𝑠  are denoted by 𝐶𝐶𝐷𝑠 , 𝐼𝐶𝐷𝑠 , 𝐶𝑊𝐷𝑠 , 𝐼𝑊𝐷𝑠 , 

respectively. Based on the work presented by Wang in [24], we can define three different spaces 

of assessments of decisions for each entry 𝑠 of the KB table as follows.    

(1) The space of assessments of crossing decisions, Ω1𝑠, is given by: 

Ω1𝑠 = {𝐶𝐶𝐷𝑠, 𝐼𝐶𝐷𝑠}. (2.5) 

(2) The space of assessments of waiting decisions, Ω2𝑠, is given by: 

Ω2𝑠 = {𝐶𝑊𝐷𝑠, 𝐼𝑊𝐷𝑠}.  (2.6) 

(3) The space of assessments of crossing and waiting decisions, Ω3𝑠, is given by: 

Ω3𝑠 = {𝐶𝐶𝐷𝑠, 𝐼𝐶𝐷𝑠,  𝐶𝑊𝐷𝑠,  𝐼𝑊𝐷𝑠}.   (2.7) 

Using the information about the numbers of decisions of cognitive agents in the KB table (i.e., 

𝑛𝐶𝐶𝐷𝑠𝑘
(𝑡 − 1) , 𝑛𝐼𝐶𝐷𝑠𝑘

(𝑡 − 1) , 𝑛𝐶𝑊𝐷𝑠𝑘
(𝑡 − 1)  and 𝑛𝐼𝑊𝐷𝑠𝑘

(𝑡 − 1) ), we introduce the 

experimental probabilities in the spaces Ω1𝑠, Ω2𝑠 and Ω3𝑠, for each index 𝑠. For a single 

simulation run 𝑘, the experimental probability of the occurrence of the assessment of a given 

decision type 𝑋𝑠 in the space Ω𝑙𝑠, i.e. for the traffic observation 𝑠 at time step 𝑡, is defined 

as follows: 

𝑃Ω𝑙𝑠𝑒𝑘(𝑋𝑠, 𝑡) =
𝑛𝑋𝑠𝑘

(𝑡 − 1)

𝑛Ω𝑙𝑠𝑘
(𝑡 − 1)  

, (2.8) 
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where 𝑙 = 1, 2 𝑎𝑛𝑑 3; the subscript 𝑒 means that 𝑃 is an experimental probability; 𝑋𝑠 ∈

{𝐶𝐶𝐷𝑠,  𝐼𝐶𝐷𝑠, 𝐶𝑊𝐷𝑠, 𝐼𝑊𝐷𝑠} and 𝑠 ∈ 𝑇0 = {(𝑖, 𝑗)|1 ≤ 𝑖 ≤ 3, 1 ≤ 𝑗 ≤ 4} ∪ {𝑂𝑅}, and where 

𝑛Ω𝑙𝑠𝑘
(𝑡 − 1) are defined as follows: 

𝑛Ω1𝑠𝑘
(𝑡 − 1) = 𝑛𝐶𝐶𝐷𝑠𝑘

(𝑡 − 1) + 𝑛𝐼𝐶𝐷𝑠𝑘
(𝑡 − 1), (2.8 a) 

𝑛Ω2𝑠𝑘
(𝑡 − 1) = 𝑛𝐶𝑊𝐷𝑠𝑘

(𝑡 − 1) + 𝑛𝐼𝑊𝐷𝑠𝑘
(𝑡 − 1), (2.8 b) 

𝑛Ω3𝑠𝑘
(𝑡 − 1) = 𝑛𝐶𝐶𝐷𝑠𝑘

(𝑡 − 1) + 𝑛𝐼𝐶𝐷𝑠𝑘
(𝑡 − 1) + 𝑛𝐶𝑊𝐷𝑠𝑘

(𝑡 − 1) + 𝑛𝐼𝑊𝐷𝑠𝑘
(𝑡 − 1). (2.8 c) 

With the help of the experimental probabilities defined above, we can introduce the four new 

Decision Algorithms (DAs). However, before we do that, we will first give a brief introduction 

of the cwDF, which was defined in [22], as we will compare the four new DAs with the cwDF 

in Chapter 5. 

2.4.4.2 Crossing-and-Waiting Based Decision Formula 

In [22] the success ratio 𝑐𝑤𝑆𝑅𝑠(𝑡) was defined for the 𝑠 entry of the KB table at time step 

𝑡 as follows: 

𝑐𝑤𝑆𝑅𝑠(𝑡) =
𝐶𝐶𝐷𝑠(𝑡 − 1) − 𝐼𝐶𝐷𝑠(𝑡 − 1) − 𝐶𝑊𝐷𝑠(𝑡 − 1) + 𝐼𝑊𝐷𝑠(𝑡 − 1)

𝑆(𝑡 − 1)
, (2.9) 

where 𝐶𝐶𝐷𝑠(𝑡 − 1) , 𝐼𝐶𝐷𝑠(𝑡 − 1) , 𝐶𝑊𝐷𝑠(𝑡 − 1)  and 𝐼𝑊𝐷𝑠(𝑡 − 1)  are the numbers of 

CCDs, ICDs, CWDs and IWDs in the entry 𝑠; 𝑆(𝑡 − 1) is the sum of the decisions over all 

the entries of the KB table. 

Then, the crossing-and-waiting based Decision Formula, 𝑐𝑤𝐷𝐹𝑠(𝑡), is given by: 

𝑐𝑤𝐷𝐹𝑠(𝑡) = 𝑐𝑤𝑆𝑅𝑠(𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) − 𝑣(𝐹𝑒𝑎𝑟), (2.10) 
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where 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) are the values of parameters, Desire and Fear.    

Using the cwDF, if the outcome of cwDF is greater than or equal to 0, then the creature decides 

to cross. Otherwise, the creature decides to wait or to move horizontally. Now, we are going to 

introduce the four new DAs, which are the most important sections in this thesis.  

2.4.4.3 Crossing Decisions Probability-based Decision Algorithm 

The crossing decisions probability-based decision algorithm (cDA) is based only on the 

numbers of correct and incorrect crossing decisions recorded in each entry of the KB table. In 

a single simulation run 𝑘, at time step 𝑡, when a cognitive agent attempts to cross the road, 

first the algorithm identifies the proximity and the velocity categories of an oncoming car, i.e. 

it identifies the entry 𝑠 (𝑠 ∈ 𝑇0 = {(𝑖, 𝑗)|1 ≤ 𝑖 ≤ 3, 1 ≤ 𝑗 ≤ 4} ∪ {𝑂𝑅}) of the KB table. Next, 

for the identified 𝑠 entry, the agent accesses the information about the numbers of correct and 

incorrect crossing decisions recorded in the corresponding entry of the KB table.  

At the beginning of each simulation run, the KB table is always blank under the traffic 

environment with the smallest value of CCP regardless of whether KB table transfer (KBT) 

takes place or not, so we need to define an initial condition for each of DAs. This initial 

condition will apply to other values of CCP when KBT does not take place. In cDA the initial 

condition is defined as follows: When the numbers of correct and incorrect crossing decisions 

in the identified entry are both equal to 0, then the agent always decides to cross. In other words, 

for the identified 𝑠 entry, if the initial condition is satisfied, then the agent’s decision will not 

depend on the values of the experimental probabilities and the values of parameters, Desire 

and Fear (i.e., 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒),  which measures the agent’s propensity to risk taking, and 

𝑣(𝐹𝑒𝑎𝑟), which measures the agent’s aversion to risk taking). The agents will start to make 

their decisions based on the values of the experimental probabilities and the values of the Desire 

and Fear parameters, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟) , only when 𝑛𝐶𝐶𝐷𝑠𝑘
(𝑡 − 1) ≠ 0  or 

𝑛𝐼𝐶𝐷𝑠𝑘
(𝑡 − 1) ≠ 0 . If the initial condition is not satisfied, then an agent calculates the 
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experimental probabilities, 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  and 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), based on the formula (2.8) 

and (2.8 a). Thus, the calculation space of the agent is the probability space (Ω1𝑠, 𝑃Ω1𝑠𝑒𝑘) 

defined in (2.5), (2.8) and (2.8 a). 

As mentioned above, the crossing decisions probability-based decision algorithm (cDA) is 

described by the following Algorithm 2-1. 

Algorithm 2-1 

Input: The current simulation run 𝑘, the current time step 𝑡, the traffic observation (i.e., where 

a car is and how fast it is moving if the traffic observation is (𝑖, 𝑗), or simply a car is out of 

range if the traffic observation is 𝑂𝑅 . Recall that when the traffic observation is 𝑂𝑅 , the 

velocities of the cars are not observed.), and the pair of values (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) of a 

cognitive agent deciding to cross or to wait. 

Output: The decision, i.e. to cross or to wait. 

Step 1: Identify whether the initial condition is satisfied. If the initial condition is satisfied, then 

the cognitive agent makes a crossing decision. Otherwise, the calculation follows step 2. 

Step 2: Calculate probabilities 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  and 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡)  based on the formula 

(2.8) and (2.8 a). 

Step 3: Compare 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) with 𝑣(𝐹𝑒𝑎𝑟) of the cognitive agent. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk taker and the calculation follows step 

4. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk avoider and the calculation follows 

step 5. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the agent is a rational agent and the calculation follows 

step 6. 
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Step 4: For an agent being a risk taker, compare 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≥ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 4.1. Otherwise, go to step 4.2. 

Step 4.1: The cognitive agent makes a crossing decision. 

Step 4.2: If 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 5: For an agent being a risk avoider, compare 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) with 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡). If 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 5.1. Otherwise, go to step 5.2. 

Step 5.1: The cognitive agent makes a waiting decision. 

Step 5.2: If 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 6: For a rational agent, compare 𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 6.1. Otherwise, go to step 6.2. 

Step 6.1: The cognitive agent makes a crossing decision. 

Step 6.2: The cognitive agent makes a waiting decision. 

The decision algorithm cDA described above can be illustrated for the identified 𝑠 entry of 

the KB table by the flow chart presented in Figure 2-1. 
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Figure 2-1: Flow chart of the decision algorithm cDA, i.e. Algorithm 2-1 for the identified 𝑠 

entry of the KB table. 

Comment 1: 

Observe that, the decision algorithm cDA is designed in the consistent pattern regardless of an 

agent type. The agent makes the crossing decision, if 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.11) 

and it makes the waiting decision, if 
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𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.12) 

This can be seen from: 

(1) Assume that an agent is a risk taker, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent makes a 

crossing decision if 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

This inequality is automatically satisfied when 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≥ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), i.e. when the agent also makes the crossing decision. The 

agent makes a waiting decision only when 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

(2) Assume that an agent is a risk avoider, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent makes 

a crossing decision if 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

The agent makes a waiting decision only when 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

This inequality is automatically satisfied when 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), i.e. when the agent also makes the waiting decision. 

(3) Assume that an agent is a rational agent, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) , then the agent 

makes a crossing decision if 
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𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡). 

This inequality is equivalent to 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟). The agent makes a waiting decision if 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡). 

This inequality is equivalent to 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟).  

Comment 2: 

The formula (2.11) can be rewritten as 

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)), (2.13) 

and the formula (2.12) can be rewritten as  

𝑃Ω1𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω1𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) ≤ 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.14) 

In the above formulas 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)) stands for the threshold with which an agent makes its 

decision. Since the values of parameters, 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), may vary from agent to 

agent, the subscript “𝐴” indicates that the threshold with which the agent makes its decision, is 

agent dependent. 

Thus,  

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-
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taking agent is making its crossing decision, is negative. Hence, the risk-taking agent will 

make its crossing decision, even if in the past the number of CCDs was significantly less 

than the number of ICDs for an observed proximity and velocity categories of the (𝑖, 𝑗) 

entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

avoiding agent is making its crossing decision, is positive. Hence, the risk-avoiding agent 

will make its crossing decision, only if in the past the number of CCDs was significantly 

greater than the number of ICDs for an observed proximity and velocity category for an 

observed proximity and velocity categories of the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)) with which a rational 

agent is making its crossing decision, is zero. Hence, the rational agent will make its 

crossing decision, if in the past the number of CCDs was greater than the number of ICDs 

for an observed proximity and velocity categories of the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

2.4.4.4 Waiting Decisions Probability-based Decision Algorithm (wDA) 

The waiting decisions probability-based decision algorithm (wDA) is based only on the 

numbers of correct and incorrect waiting decisions recorded in each entry of the KB table. The 

wDA is analogous to the cDA except that the correct and incorrect waiting decisions are used 

instead of the correct and incorrect crossing decision.  

In wDA the initial condition is defined as follows: When the numbers of correct and incorrect 

waiting decisions in the identified entry are both equal to 0, then the agent always decides to 

wait. In other words, for the identified 𝑠 entry, if the initial condition is satisfied, then the 

agent’s decision will not depend on the values of the experimental probabilities and the values 

of the parameters, Desire and Fear. The agents will start to make their decisions based on the 

values of experimental probabilities and the values of the Desire and Fear parameters, i.e. 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟) , only when 𝑛𝐶𝑊𝐷𝑠𝑘
(𝑡 − 1) ≠ 0  or 𝑛𝐼𝑊𝐷𝑠𝑘

(𝑡 − 1) ≠ 0 . If the 
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initial condition is not satisfied, then an agent calculates the experimental probabilities, 

𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  and 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡), based on the formula (2.8) and (2.8 b) Thus, the 

calculation space of the agent is the probability space (Ω2𝑠, 𝑃Ω2𝑠𝑒𝑘) defined in (2.6), (2.8) and 

(2.8 b).  

As mentioned above, the waiting decisions probability-based decision algorithm (wDA) is 

described by the following Algorithm 2-2. 

Algorithm 2-2 

Input: The current simulation run 𝑘, the current time step 𝑡, the traffic observation (i.e., where 

a car is and how fast it is moving if the traffic observation is (𝑖, 𝑗), or simply a car is out of 

range if the traffic observation is 𝑂𝑅 . Recall that when the traffic observation is 𝑂𝑅 , the 

velocities of the cars are not observed.), and the pair of values (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) of the 

cognitive agent deciding to cross or to wait. 

Output: The decision. i.e. to cross or to wait. 

Step 1: Identify whether the initial condition is satisfied. If the initial condition is satisfied, then 

the cognitive agent makes a waiting decision. Otherwise, the calculation follows step 2. 

Step 2: Calculate probabilities 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) and 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) based on the formula 

(2.8) and (2.8 b). 

Step 3: Compare 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) with 𝑣(𝐹𝑒𝑎𝑟) of the cognitive agent. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk taker and the calculation follows step 

4. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk avoider and the calculation follows 

step 5. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the agent is a rational agent and the calculation follows 
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step 6. 

Step 4: For an agent being a risk taker, compare 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) with 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡). If 

𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≥ 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 4.1. Otherwise, go to step 4.2. 

Step 4.1: The cognitive agent makes a crossing decision. 

Step 4.2: If 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 5: For an agent being a risk avoider, compare 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) with 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡). 

If 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≤ 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 5.1. Otherwise, go to step 5.2. 

Step 5.1: The cognitive agent makes a waiting decision. 

Step 5.2: If 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 6: For a rational agent, compare 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  with 𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) . If 

𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) > 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 6.1. Otherwise, go to step 6.2. 

Step 6.1: The cognitive agent makes a crossing decision. 

Step 6.2: The cognitive agent makes a waiting decision. 

The decision algorithm wDA described above can be illustrated for the identified 𝑠 entry of 

the KB table by the flow chart presented in Figure 2-2. 
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Figure 2-2: Flow chart of the decision algorithm wDA, i.e. Algorithm 2-2 for the identified 𝑠 

entry of the KB table. 

Comment 1:  

Observe that, the decision algorithm wDA is designed in the consistent pattern regardless of an 

agent type. The agent makes the crossing decision, if 

𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.15) 

and it makes the waiting decision, if 
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𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.16) 

The derivation of the formulas (2.15) and (2.16) is analogous to the derivation of the formulas 

(2.11) and (2.12) in Section 2.4.4.3, so we do not derive these formulas here. 

Comment 2: 

The formula (2.15) can be rewritten as 

𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)), (2.17) 

and the formula (2.16) can be rewritten as  

𝑃Ω2𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω2𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) ≤ 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.18) 

Thus,  

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

taking agent is making its crossing decision, is negative. Hence, the risk-taking agent will 

make its crossing decision, even if in the past the number of IWDs was significantly less 

than the number of CWDs for an observed proximity and velocity categories of the (𝑖, 𝑗) 

entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

avoiding agent is making its crossing decision, is positive. Hence, the risk-avoiding agent 

will make its crossing decision, only if in the past the number of IWDs was significantly 

greater than the number of CWDs for an observed proximity and velocity categories of 

the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)) with which a rational 
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agent is making its crossing decision, is zero. Hence, the rational agent will make its 

crossing decision, if in the past the number of IWDs was greater than the number of 

CWDs for an observed proximity and velocity categories of the (𝑖, 𝑗) entry or for the 

𝑂𝑅 entry. 

2.4.4.5 Crossing and Waiting Decisions Probability-based Decision 

Algorithm (cwDA) 

The crossing and waiting decisions probability-based decision algorithm (cwDA) is based on 

the numbers of correct and incorrect crossing and waiting decisions recorded in each entry of 

the KB table. In cwDA for the identified 𝑠 entry, the agent accesses the information about the 

numbers of correct and incorrect crossing and waiting decisions recorded in the corresponding 

entry of the KB table.  

In cwDA the initial condition is defined as follows: When the numbers of correct and incorrect 

crossing decisions, and the numbers of correct and incorrect waiting decisions in the identified 

entry are both equal to 0, then the agent always decides to cross. In other words, for the 

identified 𝑠 entry, if the initial condition is satisfied, then the agent’s decision will not depend 

on the values of the experimental probabilities and the values of the parameters, Desire and 

Fear. The agents will start to make their decisions based on the values of experimental 

probabilities and the values of the Desire and Fear parameters, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), 

only when 𝑛𝐶𝐶𝐷𝑠𝑘
(𝑡 − 1) ≠ 0 or 𝑛𝐼𝐶𝐷𝑠𝑘

(𝑡 − 1) ≠ 0 or 𝑛𝐶𝑊𝐷𝑠𝑘
(𝑡 − 1) ≠ 0 or 𝑛𝐼𝑊𝐷𝑠𝑘

(𝑡 −

1) ≠ 0 . If the initial condition is not satisfied, then an agent calculates the experimental 

probabilities 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  and 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) 

based on the formula (2.8) and (2.8 c). Thus, the calculation space of the agent is the probability 

space (Ω3𝑠, 𝑃Ω3𝑠𝑒𝑘) defined in (2.7), (2.8) and (2.8 c).   

As mentioned above, the crossing and waiting decisions probability-based decision algorithm 

(cwDA) is described by the following Algorithm 2-3. 
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Algorithm 2-3 

Input: The current simulation run 𝑘, the current time step 𝑡, the traffic observation (i.e., where 

a car is and how fast it is moving if the traffic observation is (𝑖, 𝑗), or simply a car is out of 

range if the traffic observation is 𝑂𝑅 . Recall that when the traffic observation is 𝑂𝑅 , the 

velocities of the cars are not observed.), and the pair of values (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) of the 

cognitive agent deciding to cross or to wait. 

Output: The decision. i.e. to cross or to wait. 

Step 1: Identify whether the initial condition is satisfied. If the initial condition is satisfied, then 

the cognitive agent makes a crossing decision. Otherwise, the calculation follows step 2. 

Step 2: Calculate probabilities 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  and 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) based on the formula (2.8) and (2.8 c). 

Step 3: Compare 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) with 𝑣(𝐹𝑒𝑎𝑟) of the cognitive agent. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk taker and the calculation follows step 

4. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk avoider and the calculation follows 

step 5. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the agent is a rational agent and the calculation follows 

step 6. 

Step 4: For an agent being a risk taker, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≥ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 4.1. Otherwise, go to step 4.2. 

Step 4.1: The cognitive agent makes a crossing decision. 

Step 4.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≥

𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then the cognitive agent makes a crossing decision. Otherwise, go to 
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step 4.3. 

Step 4.3: If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑖𝑠𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 5: For an agent being a risk avoider, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡). If 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 5.1. Otherwise, go to step 5.2. 

Step 5.1: The cognitive agent makes a waiting decision. 

Step 5.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≤

𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then the cognitive agent makes a waiting decision. Otherwise, go to step 

6.3. 

Step 5.3: If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 6: For a rational agent, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), then go to step 6.1. Otherwise, go to step 6.2. 

Step 6.1: The cognitive agent makes a crossing decision. 

Step 6.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) >

𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then the cognitive agent makes a crossing decision. Otherwise, it makes 

a waiting decision. 

The decision algorithm cwDA described above can be illustrated for the identified 𝑠 entry of 

the KB table by the flow chart presented in Figure 2-3. 
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Figure 2-3: Flow chart of the decision algorithm cwDA, i.e. Algorithm 2-3 for the identified 

𝑠 entry of the KB table. 

Comment 1:  

Observe that, the decision algorithm cwDA is designed in the different pattern regarding the 

agent type. This is different from the algorithms cDA and wDA. A risk taker and a rational 

agent make the crossing decision, if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.19) 

or if 
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𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.20) 

and they make the waiting decision, if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.21) 

However, a risk avoider makes the crossing decision, only if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.22) 

and it makes the waiting decision, if  

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.23) 

or if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.24) 

This can be seen from: 

(1) Assume that an agent is a risk taker, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent makes a 

crossing decision if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

or if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

These two inequalities are automatically satisfied when 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≥ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), 
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and when 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠 , 𝑡) ≥ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), i.e. when the agent also makes the crossing decision. The 

agent makes a waiting decision only when 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

(2) Assume that an agent is a risk avoider, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent makes 

a crossing decision if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

The agent makes a waiting decision if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

or if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). 

These two inequalities are automatically satisfied when 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), 

and when 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑖𝑗 , 𝑡) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), i.e. when the agent also makes the waiting decision.  

(3) Assume that an agent is a rational agent, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) , then the agent 

makes a crossing decision if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡), 
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or if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠 , 𝑡) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡). 

These two inequalities are equivalent to 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

and 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟). The agent makes a waiting decision if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠 , 𝑡) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), 

because this inequality is equivalent to 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), 

since 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟). 

Comment 2: 

The formula (2.19) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.25) 

The formulas (2.20) and (2.22) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.26) 

The formulas (2.21) and (2.24) can be rewritten as 
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𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) ≤ 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.27) 

The formula (2.23) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) < 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.28) 

Thus,  

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

taking agent is making its crossing decision, is negative. Hence, the risk-taking agent will 

make its crossing decision, even if in the past the number of CCDs was significantly less 

than the number of ICDs, or the number of IWDs was significantly less than the number 

of CWDs for an observed proximity and velocity categories of the (𝑖, 𝑗) entry or for the 

𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

avoiding agent is making its crossing decision, is positive. Hence, the risk-avoiding agent 

will make its crossing decision, only if in the past the number of IWDs was significantly 

greater than the number of CWDs for an observed proximity and velocity categories of 

the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)) with which a rational 

agent is making its crossing decision, is zero. Hence, the rational agent will make its 

crossing decision, if in the past the number of CCDs was greater than the number of ICDs, 

or the number of IWDs was greater than the number of CWDs for an observed proximity 

and velocity categories of the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 
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2.4.4.6 Waiting and Crossing Decisions Probability-based Decision 

Algorithm (wcDA) 

The waiting and crossing decisions probability-based decision algorithm (wcDA) is also based 

on the numbers of correct and incorrect crossing and waiting decisions recorded in each entry 

of the KB table and it is analogous to the cwDA except that the wcDA first compares waiting 

decision probabilities and then compares crossing decision probabilities. The wcDA has the 

same initial condition as the cwDA, so we do not state it again here.  

The waiting and crossing decisions probability-based decision algorithm (wcDA) is described 

by the following Algorithm 2-4. 

Algorithm 2-4 

Input: The current simulation run 𝑘, the current time step 𝑡, the traffic observation (i.e., where 

a car is and how fast it is moving if the traffic observation is (𝑖, 𝑗), or simply a car is out of 

range if the traffic observation is 𝑂𝑅 . Recall that when the traffic observation is 𝑂𝑅 , the 

velocities of the cars are not observed.), and the pair of values (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) of the 

cognitive agent deciding to cross or to wait. 

Output: The decision. i.e. to cross or to wait. 

Step 1: Identify whether the initial condition is satisfied. If the initial condition is satisfied, then 

the cognitive agent makes a crossing decision. Otherwise, the calculation follows step 2. 

Step 2: Calculate probabilities 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) , 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  and 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) based on the formula (2.8) and (2.8 c). 

Step 3: Compare 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) with 𝑣(𝐹𝑒𝑎𝑟) of the cognitive agent. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk taker and the calculation follows step 

4. 
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 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟), then the agent is a risk avoider and the calculation follows 

step 5. 

 If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the agent is a rational agent and the calculation follows 

step 6. 

Step 4: For an agent being a risk taker, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡). If 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≥ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 4.1. Otherwise, go to step 4.2. 

Step 4.1: The cognitive agent makes a crossing decision. 

Step 4.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≥

𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠 , 𝑡), then the cognitive agent makes a crossing decision. Otherwise, go to step 

4.3. 

Step 4.3: If 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑖𝑠𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 5: For an agent being a risk avoider, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡). 

If 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 5.1. Otherwise, go to step 5.2. 

Step 5.1: The cognitive agent makes a waiting decision. 

Step 5.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) ≤

𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠 , 𝑡), then the cognitive agent makes a waiting decision. Otherwise, go to step 

5.3. 

Step 5.3: If 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟) , then the 

cognitive agent makes a crossing decision. Otherwise, it makes a waiting decision. 

Step 6: For a rational agent, compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) . If 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡), then go to step 6.1. Otherwise, go to step 6.2. 

Step 6.1: The cognitive agent makes a crossing decision. 
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Step 6.2: Compare 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡)  with 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) . If 𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) >

𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠 , 𝑡), then the cognitive agent makes a crossing decision. Otherwise, it makes 

a waiting decision. 

The decision algorithm cwDA described above can be illustrated for the identified 𝑠 entry of 

the KB table by the flow chart presented in Figure 2-4. 

 

Figure 2-4: Flow chart of the decision algorithm wcDA, i.e. Algorithm 2-4 for the identified 

𝑠 entry of the KB table. 

Comment 1:  

Observe that, the decision algorithm wcDA is designed in the different pattern regarding the 
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agent type. This is different from the algorithms cDA, wDA and cwDA. A risk taker and a 

rational agent make the crossing decision, if 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.29) 

or if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.30) 

and they make the waiting decision, if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.31) 

However, a risk avoider makes the crossing decision, only if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.32) 

and it makes the waiting decision, if  

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟), (2.33) 

or if 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) + 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≤ 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) + 𝑣(𝐹𝑒𝑎𝑟). (2.34) 

The derivation of the formulas (2.29) – (2.34) is analogous to the derivation of the formulas 

(2.19) – (2.24) in Section 2.4.4.5, so we do not derive these formulas here. 

Comment 2: 
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The formula (2.29) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.35) 

The formulas (2.30) and (2.32) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) > 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.36) 

The formulas (2.31) and (2.34) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐶𝐶𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐼𝐶𝐷𝑠, 𝑡) ≤ 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.37) 

The formula (2.33) can be rewritten as 

𝑃Ω3𝑠𝑒𝑘(𝐼𝑊𝐷𝑠, 𝑡) − 𝑃Ω3𝑠𝑒𝑘(𝐶𝑊𝐷𝑠, 𝑡) < 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)). (2.38) 

Thus,  

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

taking agent is making its crossing decision, is negative. Hence, the risk-taking agent will 

make its crossing decision, even if in the past the number of IWDs was significantly less 

than the number of CWDs, or the number of CCDs was significantly less than the number 

of ICDs for an observed proximity and velocity categories of the (𝑖, 𝑗) entry or for the 

𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟) , then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷))  with which a risk-

avoiding agent is making its crossing decision, is positive. Hence, the risk-avoiding agent 

will make its crossing decision, only if in the past the number of CCDs was significantly 
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greater than the number of ICDs for an observed proximity and velocity categories of the 

(𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

 When 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟), then the threshold 𝑇𝐴(𝑣(𝐹), 𝑣(𝐷)) with which a rational 

agent is making its crossing decision, is zero. Hence, the rational agent will make its 

crossing decision, if in the past the number of IWDs was greater than the number of 

CWDs, or the number of CCDs was greater than the number of ICDs for an observed 

proximity and velocity categories of the (𝑖, 𝑗) entry or for the 𝑂𝑅 entry. 

2.4.5 Knowledge-based Table Transfer  

The knowledge-based table transfer (KBT) is a mechanism which is used to transfer the 

knowledge from the agents in one traffic environment (i.e., with one value of CCP) to the 

agents in another traffic environment (i.e., with another value of CCP). More specifically, after 

the knowledge-based table, which records the cumulative numbers of assessments of decisions 

of cognitive agents learning to cross the road, is accumulated in one traffic environment, it is 

transferred to the agents starting to learn to cross the road in another traffic environment. Thus, 

the agents starting to learn to cross the road in the second environment have the pre-existing 

knowledge about the agents’ performance in the first environment. Lawniczak, Di Stefano and 

Ernst introduced two types of KBT, i.e. “forward” and “backward”, [10] and [11]. The 

implementation of these KBTs was further refined and discussed in detail in [16], [25], [26] 

and [28]. When the KBT is “forward”, then the knowledge-based table is transferred from the 

agents learning in the traffic environment with a lower CCP value to the agents learning in the 

traffic environment with a subsequent higher CCP value. When the KBT is “backward”, then 

the knowledge-based table is transferred from the agents learning in the traffic environment 

with a higher CCP value to the agents learning in the traffic environment with a subsequent 

lower CCP value. In this thesis, only the forward KBT is considered and when KBT appears in 

this thesis, it always means the forward KBT. The forward KBT can be explained in more 
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details as follows.  

Assume that the values of CCPs are only: 0.1, 0.2 and 0.3. The forward KBT successively 

transmits the knowledge/information, which is accumulated during a single simulation run and 

stored in the KB table. Each transfer takes place at the end of the simulation run in a traffic 

environment with the lower CCP value to the beginning of the simulation run in the traffic 

environment with the subsequent higher CCP value (i.e., under our assumption, first from the 

simulation run with 𝐶𝐶𝑃 = 0.1  to the simulation run with 𝐶𝐶𝑃 = 0.2  and then from the 

simulation run with 𝐶𝐶𝑃 = 0.2  to the simulation run with 𝐶𝐶𝑃 = 0.3 ). Thus, when the 

forward KBT is implemented, the process of KBT between different traffic environments 

follows the pattern: 

(1) When 𝐶𝐶𝑃 = 0.1, then the KB table is initialized with all entries being zeros because this 

is the first simulation run and there is no pre-existing knowledge to be transferred. At the 

end of the simulation, the KB table is filled with some non-zero entries that records 

information, i.e. the cumulative numbers of assessments of each type of decisions of 

cognitive agents in the current simulation. 

(2) When 𝐶𝐶𝑃 = 0.2, then the KB table is initialized with the values of the entries of the KB 

table at the end of the simulation run with the traffic environment 𝐶𝐶𝑃 = 0.1 . The 

initialized values of the KB table are called “pre-existing knowledge” from the former 

simulation. At the end of the simulation with 𝐶𝐶𝑃 = 0.2, the KB table may be filled with 

additional new non-zero entries or with the number, which are greater than the pre-existing 

ones, because during the simulation run, the additional numbers of assessments of each 

type of decisions may be added to the respective original numbers of the pre-existing 

knowledge, i.e. entries of the transferred KB table. 

(3) When 𝐶𝐶𝑃 = 0.3, then the KB table is initialized with the values of the KB table, which 

is obtained at the end of simulation run with 𝐶𝐶𝑃 = 0.2, i.e. at the end of the former 
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simulation run. 

Observe that, when KBT takes place, then the numbers accumulated in the entries of the KB 

table increase during this process, i.e. for each subsequent transfer, the KB table is transferred 

with more accumulated knowledge/information. 

2.5 Main Simulation Loop 

We have introduced the key components of the model in Sections 2.2, 2.3 and 2.4, and now we 

are going to describe the main simulation loop. After the program reads the predefined 

parameters from the configuration file, the main simulation loop executes once for each time 

step of a single simulation run. At each time step, the main simulation loop consists of the 

following primary consecutive steps: 

1. Randomly (i.e., with a predefined value of CCP set at the configuration file) generate a car 

with a random initial velocity or zero initial velocity and add the new generated car to the 

queue of the eastbound single-lane major road. Then check if the entry condition of the first 

car in the queue is satisfied. If the entry condition of this car is satisfied, then this car will 

be moved to the corresponding cell on the major road. Otherwise, it will stay in the queue 

of the major road. 

2. Generate a cognitive agent at the crossing point of the minor road. If there is an agent 

occupying the crossing point, then add the newly generated agent to the queue of the minor 

road, which lines up from the crossing point. 

3. Check if there is a cognitive agent occupying the cell on the major road.  

(1) If there is an agent occupying the cell on the major road, then it means this agent made 

the crossing decision in the last time step. Thus, at the current time step, the crossing 

decision of this agent is evaluated, and then this agent is removed from the major road. 

Then, go to step 4.  
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(2) If there is not an agent occupying the cell on the major road, then check if the decision 

of the agent at the top of the queue of the minor road (i.e., the agent at the crossing 

point of the roads) was a waiting decision made in the previous time step. 

1) If the decision was a waiting decision made in the previous time step, then the 

waiting decision of this agent will be evaluated. Then, go to step 4. Note that, in 

the next time step, the decision of this agent will not be a waiting decision and this 

agent will make the decision again. 

2) If the decision was not a waiting decision, then the information of the KB table 

will be accessed and the DA will be used to make a decision for this agent. Next, 

check what type of decision this agent made.  

a) If this agent made a crossing decision, then it will be moved from the crossing 

point onto the major road. Then, go to step 4. 

b) If this agent made a waiting decision, then the agent will wait at the crossing 

point. Then, go to step 4. 

4. Update the KB table. If the evaluation of the crossing or the waiting decision takes place in 

step 3, then we advance the corresponding decision assessment by one in the entry of the 

KB table according to the agent’s proximity and velocity categories. If the evaluation of the 

crossing or the waiting decision does not happen in step 3, then the entries of the KB table 

are unchanged. 

5. Accelerate cars on the major road as per rule of the Nagel-Schreckenberg model. 

6. Slow down cars on the major road as per rule of the Nagel-Schreckenberg model. 

7. Randomly (i.e., with a predefined probability set at the configuration file) and independently 

decelerate each car on the major road. In the presented simulation results, this deceleration 

step is different from the rule of the Nagel-Schreckenberg model and we have described this 
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difference in Section 2.3. However, the software allows to simulate the deceleration rule of 

the Nagel-Schreckenberg model. 

8. Move forward cars on the major road as per rule of the Nagel-Schreckenberg model. 

9. Collect the data of the numbers of the assessments of each type of decisions regardless of 

the proximity and velocity categories (i.e., over all the entries of the KB table), if the 

simulations are run for the full model (i.e., including cars and agents). Or collect the data of 

the traffic density of the major road, if the simulations are run to only study the traffic density 

(i.e., only including cars). 

10. Time step increases by one. 

Note that, the decisions are made every 2 time-steps and we will explain the reason in Section 

2.5.3. Prior to the simulations of the full model (i.e., including cars and agents), the simulations 

were run to only investigate relationship between the traffic density and the values of CCPs 

(i.e., only including cars). This is because the results of the simulations of the traffic density 

helped us to determine the values of CCPs which we should use in the simulations for the full 

model. The simulations of the traffic density were run with cars’ initial velocity zero or with 

random cars’ initial velocity and with the Nagel-Schreckenberg deceleration rule or with the 

modified deceleration rule. The results of the simulations of the traffic density will be presented 

in Section 3.2.4. For the full model, the data of the numbers of the assessments of each type of 

decision will be used to derive various statistics in Chapter 4 and to statistically analyze the 

learning performance of cognitive agents in Chapter 5. The main simulation loop of the model 

is shown in the flow chart in the following Figure 2-5. 
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Figure 2-5: Flow chart of the main simulation loop of the model. 

The details of each step in the main simulation loop are described in the following Sections 

2.5.1, 2.5.2, 2.5.3 and 2.5.4. 

2.5.1 Generation of Cars 

As we discussed in Section 2.3, cars are generated with a predefined value of CCP, which is 

set at the configuration file at the beginning of each simulation run. In the presented simulation 

results, each newly generated car is initialized with a random velocity ranging from 0 to the 

maximum velocity. However, the software allows to generate cars with initial velocity zero. In 

this thesis, the maximum velocity of a car is defined as 12 cells per time step, see Section 

2.4.3.1.  
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Before the first car in the queue moves onto the major road, the entry condition of this car is 

checked. If the entry condition of this car is satisfied, i.e. the number of this car’s front free 

cells (i.e., cells that are not occupied by other cars) is greater than or equal to this car’s initial 

velocity, then this car will be moved onto the major road. The distance it moves forward is 

equal to its initial velocity. If the entry condition of this car is not satisfied, then this car will 

wait in the queue of the major road and it is unable to move onto the major road until the entry 

condition of it is satisfied.  

2.5.2 Generation of Cognitive Agents 

At each time step, a new cognitive agent is generated at the crossing point where the minor 

road intersects the major road. In this thesis, we only consider a single crossing point that is set 

in the configuration file. As discussed in Section 2.4.1, each newly generated cognitive agent 

is randomly and independently assigned to a pair of attributes, i.e. the attribute of Desire and 

the attribute of Fear, with equal probability 0.5 for each attribute. Thus, each newly generated 

cognitive agent may have: (1) Desire & Fear with probability 0.25; (2) Desire & no Fear with 

probability 0.25; (3) no Desire & Fear with probability 0.25; (4) no Desire & no Fear with 

probability 0.25. The attributes of Desire and Fear are identified with the parameters Desire 

and Fear in the configuration file and they are digitized by a pair of non-negative numerical 

values, 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟). The magnitude of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) or 𝑣(𝐹𝑒𝑎𝑟) indicates the 

level of the respective attributes, i.e. Desire or Fear, and the greater the value is, the stronger 

the level of the attribute is. We will discuss the selected set of levels of Desire and Fear 

parameters for the implemented simulations in Section 3.3.1. 

Notice that, if 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) = 0, then the generated population of cognitive agents 

is homogenous, as this population does not contain risk takers and risk avoiders. We call this 

population – rational population of agents. If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) ≠ 0 then the population 

is heterogeneous. It consists of 25% of risk takers (i.e., Desire & no Fear), 25% of risk avoiders 
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(i.e., no Desire & Fear) and 50% of rational agents (i.e., no Desire & no Fear and Desire & 

Fear). If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) > 𝑣(𝐹𝑒𝑎𝑟) , then the population is heterogeneous because it contains 

more risk takers than risk avoiders. It consists of 25% of rational agents (i.e., no Desire & no 

Fear), 25% of risk avoiders (i.e., no Desire & Fear) and 50% of risk takers (i.e., Desire & no 

Fear and Desire & Fear). Notice that, the risk takers in this case and the risk takers in the case 

of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) ≠ 0  are not homogeneous. If 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) < 𝑣(𝐹𝑒𝑎𝑟) , then the 

population is heterogeneous because it contains more risk avoiders than risk takers. It consists 

of 25% of rational agents (i.e., no Desire & no Fear), 25% of risk takers (i.e., Desire & no Fear) 

and 50% of risk avoiders (i.e., no Desire & Fear and Desire & Fear). Notice that, the risk 

avoiders in this case and the risk takers in the case of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 𝑣(𝐹𝑒𝑎𝑟) ≠ 0  are not 

homogeneous.   

Note that, at time step 1, a cognitive agent is generated at the crossing point, which is the first 

cell on the minor road. If this cell is occupied at time step 2 or at any later time step, then the 

newly generated cognitive agents will be placed in the queue lining up from the crossing point. 

Let us call the agent at the top of the queue – an active agent. In next section, we will 

specifically discuss how the active agent behaves based on its decision.   

2.5.3 Movement of Cognitive Agents and Assessments of Decisions 

Each active cognitive agent takes 2 separate time-steps to complete the crossing procedure or 

the waiting procedure. At the first time-step, an active agent observes if there is an agent 

occupying the cell on the major road. If there is no agent on the major road, then this active 

agent does calculations based on the information contained in the entry of the KB table 

corresponding to the observed proximity and velocity categories and based on the given DA. 

If the outcome of the DA is to cross, then the active agent will move onto the major road. If the 

outcome of the DA is to wait, then the active agent will wait at the crossing point. At the second 

time-step, the decision that was made at the first time-step will be evaluated. Moreover, if the 
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agent made the crossing decision at the first time-step, then at the second time-step this agent 

will be removed from the road because of crossing successfully or being hit by an oncoming 

car. 

The reason why the implementation of these two decision procedures takes 2 time-steps is that, 

logically, an active agent needs time to observe the major road’s traffic conditions and it needs 

time to carry out calculations based on this observation on the DA, and then it needs time to 

evaluate the correctness of the decision, i.e. if the decision was correct or incorrect.  

To help readers to better understand the decision-making procedure of cognitive agents, we are 

going to discuss an example of this procedure within 6 consecutive time-steps, which starts 

from time step 𝑡 and ends at time step 𝑡 + 5. The example is described as follows: 

1) At time step 𝑡, it is assumed that there is no agent occupying the cell on the major road. 

Thus, first an active cognitive agent, namely agent 1, observes the traffic condition of the 

major road. Next, assume that it makes a crossing decision at the crossing point based on 

the observation result, the information contained in the KB table and the calculation result 

derived from DA. Then within the same time step, agent 1 moves onto the major road from 

the crossing point. In the meanwhile, a cognitive agent, namely agent 2, which was behind 

agent 1 in the queue moves to the top of the queue, i.e. it enters the crossing point at this 

time-step and becomes an active cognitive agent.  

2) At time step 𝑡 + 1, either agent 1 crosses the major road successfully, or it is hit by an 

oncoming car. Thus, the crossing decision made by agent 1 is evaluated as either CCD or as 

ICD. In either case, agent 1 is removed from the major road in this time step. Based on the 

evaluation of agent 1’s decision, the corresponding entry of the KB table is updated.  

Agent 2 stays at the crossing point in this time step because it cannot make any decision 

until agent 1 moves out of the major road. Note that, although agent 2 stays at the crossing 

point, it is neither CWD nor IWD of agent 2, because agent 2 cannot potentially move due 
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to the occupation of the cell on the major road caused by agent 1.   

3) At time step 𝑡 + 2, agent 2 can make its decision because agent 1 had been removed from 

the major road in the previous time step, i.e. the cell on the major road is currently empty. 

After agent 2 observes the traffic conditions of the major road, and we assume that it makes 

a waiting decision based on the observation result, the updated information contained in the 

KB table and the calculation result derived from DA. Thus, agent 2 stays at the crossing 

point.  

In [9], [10], [13], [16], [22] and [23], Lawniczak and her collaborators considered the case 

of an active agent changing the crossing point when the active agent made a waiting decision 

due to the traffic condition of the major road. However, in the present work, we only 

consider a single crossing point and we assume that cognitive agents are not allowed to 

change the crossing point even if they make waiting decisions for a long period. We will 

discuss the consequence of not allowing active agents to move to a different crossing point 

in Section 3.3.2. 

4) At time step 𝑡 + 3, the waiting decision made by agent 2 is evaluated as either CWD or 

IWD and the corresponding entry of the KB table is updated. At next time step, i.e. time 

step 𝑡 + 4, agent 2 needs to make the decision to cross or to wait once more.   

5) At time step 𝑡 + 4, agent 2 needs to make the decision after it observes the traffic condition 

of the major road. We assume that this time agent 2 makes a crossing decision based on the 

observation result, the updated information contained in the KB table and the calculation 

result derived from DA. Then at the same time step, agent 2 moves onto the major road from 

the crossing point and in the meanwhile, the cognitive agent, namely agent 3, which was 

behind agent 2 enters the crossing point and becomes an active agent. 

6) At time step 𝑡 + 5, either agent 2 crosses the major road successfully or it is hit by an 

oncoming car. Thus, the crossing decision made by agent 2 is evaluated as either CCD or 
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ICD. In either case, agent 2 is removed from the major road in this time step. Based on the 

evaluation of agent 2’s decision, the corresponding entry of the KB table is updated. 

Agent 3 simply stays at the crossing point in this time step because it cannot make any 

decision until agent 2 moves out of the major road, i.e. the same pattern as in time step 𝑡 +

1. 

As can be seen from the above description, it takes 2 time-steps for each active cognitive agent 

to cross the major road or to wait at the crossing point. Note that, when the cell on the major 

road is occupied by an agent, then the active agent at the crossing point is unable to make any 

decision until that cell is empty. 

2.5.4 Movement of Cars 

As we discussed in Section 2.3, at each time step, a movement of each car consists of four 

consecutive steps, i.e. acceleration, slowing down, random deceleration and car motion. Except 

for the random deceleration step, the other three steps, i.e. acceleration, slowing down and car 

motion follow the same rules as in Nagel-Schreckenberg model [15]. We have briefly described 

all these four steps in Section 2.3, see Section 2.3.      

Since we only consider a single-lane traffic road in this thesis, cars are not allowed to change 

a lane on the major road. If one needs to consider multiple-lanes traffic system, please refer to 

[27] written by Lawniczak and Di Stefano. 
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Chapter 3 Simulation Parameters 

In this chapter, we will introduce all the parameters and their values with which the simulations 

were implemented and the data were analyzed in this thesis. The key components of the model, 

which have been introduced in Chapter 2, are closely related to these parameters. The values 

of these parameters are written in the configuration file and then they are read by the program 

during its execution. The list of these parameters with an example of some considered values 

in the simulations is given in the following Table 3-1. The names of the parameters in Table 

3-1 are identical to the names of the parameters in the configuration file. We will discuss which 

values of these parameters were used in the conducted simulations and we will explain the 

reasons for their selections in the following Sections 3.1, 3.2 and 3.3. 

Table 3-1: A list of parameters with an example of some considered values in the simulation. 

PARAMETER VALUE PARAMETER VALUE PARAMETER VALUE 

maxlane 1 KBT true ACPvariation 0.0 

maxcell 120 RD true Desire 0.25 

maxtime 1511 HM false Fear 0.5 

maxcar 1511 maxCCP 0.95 proptoright 0.0 

maxagent 1511 minCCP 0.05 RDprob 0.5 

maxvelocity 12 CCP 0.05 direction true 

maxhorizmovement 0 CCPvariation 0.05 crosspoint 60 

horizmovement 0 maxACP 1.0 proxboundvalues 3, 6, 10 

DA 1 minACP 1.0 veloboundvalues 3, 6, 9, 12 

repetitions 100 ACP 1.0   

3.1 Road and Time 

Recall that in Section 2.2, the major road that we model is a single-lane eastbound road so the 

parameter “maxlane” in Table 3-1 is used to indicate the maximum number of lanes on the 
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major road and it is set as “1”. The binary parameter “direction” in Table 3-1 is used to indicate 

the direction of the lane on the major road and it is set to be “true”. i.e. we assume that “true” 

represents eastbound direction and “false” represents westbound direction. In this model the 

parameter “direction” is irrelevant to the simulation results but in the multi-lane model, such 

as the model in [27], the parameter “direction” is relevant to the simulation results. The 

parameter “maxcell” in Table 3-1 is used to indicate the maximum number of cells on the lane 

and it is set as “120”. The parameter “crosspoint” in Table 3-1, which indicates the crossing 

point on the minor road, is set as “60”. 

In the previous results finished by Lawniczak, Di Stefano and Ernst, they showed that time 

1511 was long enough for statistical performance indicators to show their tendencies and 

capture the response of the model with respect to the changes in values of the model's 

parameters. Thus, we still select “1511” as the value of the parameter “maxtime” in Table 3-1, 

which indicates the maximum time steps in each single simulation run. The entire simulation 

process consists of different traffic environments, i.e. with different Car Creation Probabilities 

(CCPs). Thus, the entire process will be repeated 100 times to avoid experimental errors. This 

is represented by the parameter “repetitions” in Table 3-1. 

3.2 Cars 

The parameter “maxcar” in Table 3-1 is used to indicate the maximum number of cars produced 

in a single simulation run. As a single car is created at each time step, “maxcar” is set as “1511” 

because of the limit of the maximum number of time steps. As we mentioned in Section 2.3, 

we use Car Creation Probability (CCP) to control cars’ creation frequency and CCP is an 

important indicator of the traffic environments of the major road. We will specifically discuss 

the values of CCPs in Section 3.2.4. 

3.2.1 Initial Velocity 
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In Section 2.3 and Section 2.5.1, we mentioned that in the presented simulation results of 

cognitive agents learning to cross a road, each car is generated with a random initial velocity 

ranging from 0 to a predefined maximum velocity and the predefined maximum velocity in 

this model is 12 cells per time step, see Section 2.4.3.1, i.e. 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 ∈

[0
𝑐𝑒𝑙𝑙

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
, 12

𝑐𝑒𝑙𝑙𝑠

𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝
]. Thus, the parameter “maxvelocity” in Table 3-1, which indicates the 

maximum velocity of a car, is set as “12”. 

3.2.2 Random Deceleration 

As we introduced in Section 2.3, random deceleration is one of four consecutive steps 

implemented to model more realistically movements of cars on the major road. Random 

deceleration simulates the erratic cars’ behaviours due to drivers’ distraction caused by, e.g. 

drinking water, or talking to a person. Thus, random deceleration increases the randomness and 

unpredictability of cars’ behaviors in the simulation. The binary parameter “RD” in Table 3-1 

is used to indicate whether random deceleration is implemented or not for cars in the simulation. 

If the parameter “RD” is set to be “true”, then random deceleration will be executed. Otherwise, 

it will not be executed. In our model, the parameter “RD” is always set to be “true”, because 

we want to investigate the cognitive agents’ learning performance in crossing the major road 

in more realistic environment, i.e. including distracted behaviours. Another parameter “RDprob” 

in Table 3-1 is used to control the probability of the occurrence of cars’ random deceleration 

on the major road. For example, if “RDprob” is set to “0.5”, then at each time step, each car on 

the major road has 50% chance to perform deceleration and has 50% chance not to perform 

deceleration. If the value of a pseudo-random number is less than or equal to 0.5 and the car’s 

velocity 𝑣 > 1, then the velocity 𝑣 of the car will be decelerated by one. As we mentioned in 

Section 2.3, we call the condition “𝑣 > 1” – random deceleration condition in our model 

and in Section 3.2.4, we will explain the reason for the modification of the Nagel-

Schreckenberg model deceleration condition 𝑣 ≥ 1.   
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3.2.3 Propensity to Change Lane 

The parameter “proptoright” in Table 3-1 indicates the propensity with which a car intends to 

move from the current lane to its right lane on the major road. The current version of the code 

used for the simulations of this thesis does not have the implementation of changing lanes for 

cars on the major road. This feature was implemented in the code used for the simulations 

presented in [9] – [13] and [22] – [27]. However, this feature can be added into the current 

version of the code used in this thesis, and its implementation is left as a future work. Thus, for 

the purpose of the completeness we include this parameter and its name as used in the software 

implementation of [9] – [13] and [22] – [27] in this thesis. Since we only consider the 

single-lane major road in this model, cars cannot change lane on the major road. Therefore, the 

parameter “proptoright” is always set as “0.0” in the simulations. The simulation results for the 

agents learning to cross a multilane highway are discussed in [9]. 

3.2.4 Car Creation Probability and Traffic Density 

Car Creation Probability (CCP) value is the probability with which a new car is generated at 

each time step. As we discussed in Section 2.3, CCP can be used to control the traffic density 

on the major road. Thus, this means that CCP can be viewed as an important indicator of the 

major road’s traffic flow and congestion, i.e. in short traffic environment. In Table 3-1, the 

parameter “maxCCP” is used to indicate the highest value of CCP that is considered in a 

sequence of simulations and the parameter “minCCP” is used to indicate the lowest value of 

CCP that is considered in a sequence of simulations. The parameter “CCPvariation” is used to 

indicate the increment value of CCP between two simulations in the sequence of simulations. 

The parameter “CCP” in Table 3-1 stands for the initial value of CCP, i.e. the value of the 

probability with which this sequence of simulations starts. For instance, if we start the 

simulation from the lowest value 0.05, i.e. minCCP = 0.05, then the parameter “CCP” takes the 

value of 0.05 at the configuration file. 
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To understand the relationships between Car Creation Probability (CCP) values and traffic 

densities, i.e. traffic environments, and to decide which values of CCP to select for the 

investigation of cognitive agents’ learning performance in crossing the major road, we calculate 

traffic densities for various values of CCPs, cars’ initial velocities and two type of deceleration 

conditions. Depending on the traffic density formula defined in the Nagel-Schreckenberg 

model [15], we can define the traffic density 𝜌 of the major road in our model as follows: 

ρ =
𝑁

𝐿
, (3.1) 

where 𝑁 stands for the number of cars moving on the major road and 𝐿 stands for the number 

of cells composing the major road. In our model, 𝐿 = 120 𝑐𝑒𝑙𝑙𝑠. 

In the conducted experiment, the value of CCP increased from the lowest value 0.05 to the 

highest value 0.95 with a fixed increment 0.05. Additionally, in the experiment we considered: 

(1) two types of cars’ initial velocities, i.e. zero initial velocity and random initial velocity; (2) 

two types of deceleration conditions, i.e. the Nagel-Schreckenberg model deceleration 

condition 𝑣 ≥ 1 and the modified deceleration condition 𝑣 > 1. Thus, for the considered set 

of the values of CCPs four cases were simulated as follows. 

(1) The initial velocity of each car is 0 and the random deceleration condition of each car is 

𝑣 ≥ 1, i.e. the Nagel-Schreckenberg model deceleration condition. 

(2) The initial velocity of each car is 0 and the random deceleration condition of each car is 

𝑣 > 1, i.e. the modified deceleration condition. 

(3) The initial velocity of each car is random and the random deceleration condition of each 

car is 𝑣 ≥ 1, i.e. the Nagel-Schreckenberg model deceleration condition. 

(4) The initial velocity of each car is random and the random deceleration condition of each 

car is 𝑣 > 1, i.e. the modified deceleration condition. 
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For each of the above four cases and for each CCP value from the considered set of CCP values 

we repeatedly run 100 simulations with each simulation 1511 time-steps. At the end of the final 

simulation time step 𝑡 = 1511,  we calculated empirical means and empirical standard 

deviations (in short means and standard deviations) of traffic density, which are displayed in 

Figure 3-1. 

Mean Plots of Traffic Density for CCPs, 𝑹𝑫 = 𝟏, with the Indications of Plus and Minus One 

Standard Deviation 

Plot (1): Initial velocity is 0. 

Random deceleration condition is 𝒗 ≥ 𝟏. 

Plot (2): Initial velocity is 0. 

Random deceleration condition is 𝒗 > 𝟏. 

  

Plot (3): Initial velocity is random. 

Random deceleration condition is 𝒗 ≥ 𝟏. 

Plot (4): Initial velocity is random. 

Random deceleration condition is 𝒗 > 𝟏. 

  

Figure 3-1: Means (black line) of traffic density for CCPs ranging from 0.05 to 0.95, with the 

increment 0.05. The indications of plus and minus one standard deviation are in red markers. 

As can be seen from Figure 3-1, four traffic density plots indicate the following behaviours. 
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(1) In plot (1), when the initial velocity of each car is 0 and the random deceleration condition 

of each car is 𝑣 ≥ 1, the means of traffic density increase slowly from about 0 to about 

0.075 for values of CCP less than 0.35. Then, for values of CCP greater than 0.35, the 

means of traffic density become steady and the steady value of the mean of traffic density 

is about 0.075. 

(2) In plot (2), when the initial velocity of each car is 0 and the random deceleration condition 

of each car is 𝑣 > 1, the means of traffic density increase slowly from about 0 to about 

0.075 for values of CCP less than 0.35. However, the means of traffic density increase 

quickly from about 0.075 to about 0.46 between 𝐶𝐶𝑃 =  0.35  and 𝐶𝐶𝑃 =  0.55 . 

Then, the means of traffic density become steady for values of CCP greater than 0.55 and 

the steady value of the mean of traffic density is about 0.46. 

(3) In plot (3), when the initial velocity of each car is random and the random deceleration 

condition of each car is 𝑣 ≥ 1, the means of traffic density increase slowly from about 0 

to about 0.085 for values of CCP less than 0.35. Then, for values of CCP greater than 0.35, 

the means of traffic density are not very steady and they slightly fluctuate around 0.085. 

(4) In plot (4), when the initial velocity of each car is random and the random deceleration 

condition of each car is 𝑣 > 1, the means of traffic density increase slowly from about 0 

to about 0.075 for values of CCP less than 0.35. However, the means of traffic density 

increase quickly from about 0.075 to about 0.33 between 𝐶𝐶𝑃 =  0.35 and 𝐶𝐶𝑃 =

 0.55. Then, for values of CCP greater than 0.55, the means of traffic density are not very 

steady and they slightly fluctuate around 0.33. 

Thus, when we compare plot (1) with plot (2) and compare plot (3) with plot (4), it is easy to 

see that when the random deceleration condition is 𝑣 > 1, the means of traffic density increase 

rapidly between 𝐶𝐶𝑃 =  0.35 and 𝐶𝐶𝑃 =  0.55, whereas, when the random deceleration 

condition is 𝑣 ≥ 1 , the means of traffic density do not show obvious increase between 
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𝐶𝐶𝑃 =  0.35 and 𝐶𝐶𝑃 =  0.55. As a result, for CCP values greater than 0.55, when the 

random deceleration condition is 𝑣 > 1, the means of traffic density are much higher than the 

corresponding value in the case where the random deceleration condition is 𝑣 ≥ 1. Therefore, 

when the random deceleration condition is 𝑣 > 1 , there exists two different traffic 

environments, i.e. when 𝐶𝐶𝑃 <  0.55 and when 𝐶𝐶𝑃 ≥  0.55. However, when the random 

deceleration condition is 𝑣 ≥ 1, the two traffic environments are not differentiated as strongly 

as in the previous case.  

Furthermore, when the initial velocity is random, i.e. plot (3) and plot (4), the means of traffic 

density first have increasing trend and then they slightly fluctuate around the value 0.085 for 

values of CCP greater than 0.35 in plot (3) and around the value 0.33 for values of CCP greater 

than 0.55 in plot (4). In both cases, the fluctuations indicate that the traffic densities are less 

uniform.  

In addition, when we compare plot (1) with plot (3) and compare plot (2) with plot (4), we find 

an interesting phenomenon. We noticed that for the random deceleration condition 𝑣 ≥ 1, the 

steady mean of traffic density with the initial velocity 0 is lower than the fluctuated mean of 

traffic density with random initial velocity. However, when we compare plot (2) with plot (4), 

the steady mean of traffic density with the initial velocity 0 is higher than the fluctuated mean 

of traffic density with random initial velocity. This phenomenon can be explained as follows. 

For the random deceleration condition 𝑣 ≥ 1, when the initial velocity is 0 and the probability 

of random deceleration is 0.5 (i.e., the parameter “RDprob” is 0.5), it is more likely that the 

speeds of large number, i.e. 50%, of cars, which just entered the road, are reduced to 0 in the 

deceleration step. Thus, frequently stopped cars at the beginning of the road may prevent new 

cars from entering the road and this results in a low traffic density. However, when the initial 

velocity is random, even though the entry condition must be satisfied for each car to enter the 

road (i.e., the number of a car’s front free cells must be greater than or equal to its initial speed), 

it is less likely that the speeds of large number of the cars, which just entered the road, are 
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reduced to 0 in the deceleration step. As the result, more cars may enter the road and the value 

of the steady traffic density with random initial velocity is slightly higher than the 

corresponding value with the initial velocity 0.  

For the random deceleration condition 𝑣 > 1, the random deceleration step never reduces the 

speeds of the cars on the major road to 0, i.e. the cars on the major road never stop due to this 

deceleration condition. Thus, when the initial velocity is 0, a car at the top of the queue can 

enter the major road at each time step. However, when the initial velocity is random, a car at 

the top of the queue can only enter the major road when the entry condition of this car is 

satisfied, i.e., the number of this car’s front free cells must be greater than or equal to its initial 

speed. As the result, the value of the steady traffic density with the initial velocity 0 is higher 

than the corresponding value with the random initial velocity. 

Hence, when the random deceleration condition is 𝑣 > 1, the traffic environments are more 

diverse and when the initial velocity is random, the traffic densities are less uniform. 

Considering the diverse traffic environments and the fluctuated traffic densities make it more 

interesting to investigate cognitive agents’ learning performance in crossing the road, we will 

use random initial velocity and random deceleration condition 𝑣 > 1 in the simulations to 

analyze the performance of cognitive agents learning to cross the road in Chapter 5.       

As our preference is to use random initial velocity and random deceleration condition 𝑣 > 1 

in the simulations, we need to look at plot (4) again to determine the values of CCPs we are 

going to use. Observe that in plot (4), the traffic density shows an ascending trend from about 

0 at 𝐶𝐶𝑃 =  0.05 to about 0.37 at 𝐶𝐶𝑃 =  0.5 and the graph of traffic density follows 

almost a parabola. Then the traffic density reduces back to about 0.33 at 𝐶𝐶𝑃 =  0.55 after 

which the traffic density slightly oscillates around a horizontal line, which could be close to 

0.325. Hence, 𝐶𝐶𝑃 =  0.5 is a phase transition point, which is the most interesting point in 

this plot because the growth rate of traffic density changes at this point and this point separates 

traffic densities into two distinctive patterns. Thus, these two distinctive patterns of the traffic 



 

68 

 

densities prompt us to consider two different traffic environments in the study of the 

performance of cognitive agents learning to cross the road. For the first traffic environment, 

called Traffic Environment I, we selected the following values of CCPs: 0.15, 0.25, 0.35, 0.45 

and 0.5. For the second traffic environment, called Traffic Environment II, we selected the 

following values of CCPs: 0.55, 0.65, 0.75, 0.85 and 0.95. The selection of these values was 

motivated by capturing the diversity of traffic environments in each subset of CCP values. In 

Chapter 5, when we analyze the performance of cognitive agents learning to cross the road, we 

will separately discuss the learning performance of cognitive agents under Traffic 

Environment I and under Traffic Environment II, as each of them reflects different 

characteristics.  

3.3 Cognitive Agents 

In this model, a new cognitive agent is generated in the queue of the minor road at each time 

step so the parameter “maxagent” in Table 3-1, which indicates the maximum number of 

cognitive agents produced in a single simulation run, is set as “1511”. The parameter “maxACP” 

in Table 3-1 is used to indicate the maximum creation probability of an agent and it is set as 

“1.0”. The parameter “minACP” in Table 3-1 is used to indicate the minimum creation 

probability of an agent and it is also set as “1.0”. The parameter “ACPvariation” in Table 3-1 

is used to indicate the variation of creation probability of an agent between two consecutive 

simulations and it is set as “0.0”. 

3.3.1 Desire and Fear 

As we mentioned in Section 2.4.1, a pair of predefined values of parameters, Desire and Fear, 

are used to indicate a cognitive agents’ propensity and aversion to cross the major road. Each 

newly generated cognitive agent falls in one of four types with probability 0.25 for each type, 

i.e. being (1) Desire & Fear with probability 0.25; (2) Desire & no Fear with probability 0.25; 

(3) no Desire & Fear with probability 0.25; (4) no Desire & no Fear with probability 0.25. For 
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example, using the predefined values of parameters, Desire and Fear, in Table 3-1, i.e. 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 0.25 and 𝑣(𝐹𝑒𝑎𝑟) = 0.5, a cognitive agent may have either (0.25, 0.5) or (0.25, 

0.0) or (0.0, 0.5) or (0.0, 0.0) values of Desire and Fear, with probability 0.25 for each type.  

In the simulation, we use five values to stand for the level of the attribute Desire and five values 

to stand for the level of the attribute Fear. The considered set of level values of Desire and Fear 

is {0.0, 0.25, 0.5, 0.75, 1.0}, i.e. 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟) ∈ {0.0, 0.25, 0.5, 0.75, 1.0}. As a result, 

there are 25 different combinations of (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) based on the considered sets of 

attributes Desire and Fear in the simulation. Hence, every time when we run a simulation, a 

pair of values of parameters, Desire and Fear, will be selected individually from the 25 

combinations of (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟)) pairs of values and will be set in the configuration 

file. Eventually, we will have 25 Desire and Fear sets and we will do 100 repetitions for each 

of the 25 sets. 

3.3.2 Horizontal Movement 

If the horizontal movement (HM) of a cognitive agent is implemented, then an agent which 

made a waiting decision may move randomly and with equal probability to its left or right 

neighbouring cell of its current crossing point or it may stay at its current crossing point. The 

current version of the code used in this thesis does not contain implementation of HM feature. 

However, this feature was implemented in the code used for the simulations presented in [9] 

– [13] and [22] – [27], and the effects of agents’ ability to change their crossing points on 

their learning performance were discussed in some of these papers. Thus, for the purpose of 

the completeness we include this parameter and its name as used in the software 

implementation of [9] – [13] and [22] – [27] in this thesis.  

The process of horizontal movement is described as follows: at time step 𝑡, if a cognitive agent 

makes a waiting decision at its crossing point, then there are three choices for this agent to 

make at the current time step: (1) waiting at the current crossing point for the next crossing 
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chance; (2) moving to the left of its crossing point and waiting for the next crossing chance at 

the new crossing point; (3) moving to the right of its crossing point and waiting for the next 

crossing chance at the new crossing point. The parameter “HM” in Table 3-1 is used to control 

whether horizontal movement is implemented for cognitive agents or not in a simulation. If the 

parameter “HM” is set as “true”, then the horizontal movement will be implemented. Otherwise, 

the horizontal movement will not be implemented.  

In the presented work, the parameter “HM” is always set as “false” in the simulation, since we 

only consider the case of a single crossing point, and cognitive agents are not allowed to move 

horizontally to a different crossing point when they make a waiting decision. Not performing 

horizontal movement for agents may result in the blocking situation in the queue of the minor 

road. The agent, which is at the top of the queue, may be stuck at the crossing point because it 

may always make a waiting decision and never attempt to cross the road for a long time. 

Allowing agents to alter the crossing point when they cannot cross at the current one may solve 

this blocking problem and this has been demonstrated by Lawniczak and her collaborators in 

[16], [22] and [27]. In their work, the parameter “maxhorizmovement” in Table 3-1 is used to 

control the maximum horizontal movement distance that an agent could move from its current 

crossing point and the parameter “horizmovement” in Table 3-1 is used to control the horizontal 

movement distance that an agent could move within a time step. Thus, in this model, these two 

parameters are always set as “0”. Since the primary purpose of this thesis is to investigate the 

learning performance of cognitive agents using four new DAs, we first focus on the case in 

which agents are not allowed to change the crossing point. The case where agents can change 

their crossing points will be left as a future work. 

3.3.3 Decision Algorithm 

The parameter “DA” in Table 3-1 is used to denote the decision algorithm that is utilized in a 

simulation. Since each time when we run the simulation, only one of four DAs or the decision 
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function cwDF can be used, five numbers ranging from 0 to 4 are needed to digitalize DAs and 

cwDF. Specifically, “0” is used to represent cwDF, “1” to represent cDA, “2” to represent wDA, 

“3” to represent cwDA and “4” to represent wcDA. 

3.3.4 Proximity and Velocity Categories 

We have already discussed the proximity and velocity categories in Section 2.4.3.1 and 

described the structure of the KB table, which involves these categories, in Section 2.4.3.2. 

Using the description of these categories provided in Section 2.4.3, in Table 3-1 we set the 

parameter “proxboundvalues”, which indicates the boundary values of proximity categories, to 

be a vector [3, 6, 10] and set the parameter “veloboundvalues”, which indicates the boundary 

values of velocity categories, to be a vector [3, 6, 9, 12]. 

3.3.5 Forward KBT 

As we mentioned in Section 2.4.5, KBT is a mechanism utilized to transfer the knowledge from 

the agents learning in one traffic environment, i.e. determined by one CCP value, to the agents 

learning in another traffic environment, i.e. determined by another CCP value. The forward 

KBT means that the direction of KBT is from the agents learning in one traffic environment 

with a lower CCP value to the agents learning in another traffic environment with an immediate 

higher CCP value. In this model, we can either implement forward KBT or not implement KBT. 

Therefore, the parameter “KBT” in Table 3-1 is used to control whether KBT is implemented. 

If the parameter “KBT” is set to be “true”, then KBT will be performed in the simulation. 

Otherwise, KBT will not be performed.  

In Section 3.2.4, we have introduced two Traffic Environments and all the corresponding 

values of CCPs that we will use in simulations presented in Chapter 5, i.e. for Traffic 

Environment I CCP = 0.15, 0.25, 0.35, 0.45 and 0.5, and for Traffic Environment II CCP = 

0.55, 0.65, 0.75, 0.85 and 0.95. 
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Chapter 4 Statistical Performance Indicators  

In this chapter, two statistical performance indicators will be introduced to analyze the learning 

performance of cognitive agents in crossing the major road. These two statistical performance 

indicators will be calculated from the simulation data, i.e. the numbers of assessments of 

crossing and waiting decisions of cognitive agents, which are cumulatively recorded in the KB 

table entries. In the simulations the values of some parameters are fixed, whereas the values of 

some parameters vary. Thus, these two statistical performance indicators depend on the values 

of the considered parameters. The values of the following parameters vary in the simulation: 

(1) The decision algorithm (DA); 

(2) The knowledge-based table transfer (KBT); 

(3) The value of Car Creation Probability (CCP); 

(4) The values of parameters, Desire & Fear, of cognitive agents. 

The first statistical performance indicator is the time series while another one is instantaneous, 

which is calculated at the end of the simulation, i.e. at the end of time step 𝑡 = 1511. Here, 

we use notation 𝑇  to represent the moment at the end of time step 𝑡 = 1511 . Before we 

introduce the statistical performance indicators, first we need to introduce the definition of the 

experimental numbers of each type of assessment of crossing and waiting decisions over all 

the entries of the KB table.  

For a single simulation run 𝑘 the experimental numbers of each type of assessment of crossing 

and waiting decisions over all the entries of the KB table at the end of time step 𝑡, are defined 

as follows: 

𝑛𝑋𝑘
(𝑡) = ∑ 𝑛𝑋𝑠𝑘

(𝑡)

𝑠∈𝑇0

, 
(4.1) 
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where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} and 𝑇0 = {(𝑖, 𝑗)|1 ≤ 𝑖 ≤ 3, 1 ≤ 𝑗 ≤ 4} ∪ {𝑂𝑅}.  

The formula (4.1) also depends on the values of the parameters DA, KBT, CCP and the values 

of Desire & Fear. However, these dependencies are not listed in the formula (4.1) to avoid the 

notations being too cumbersome. In what follows, this convention will be used unless otherwise 

stated. 

4.1 Time Series of the Empirical Mean and the Empirical Standard 

Deviation of Numbers of Each Type of Assessment of Crossing and 

Waiting Decisions 

In this section, we introduce the statistical performance indicators: the time series of empirical 

mean and the empirical standard deviation (in short, time series of mean and standard 

deviation) of numbers of each type of assessment of crossing and waiting decisions. These 

statistical indicators can be calculated based on the experimental numbers of each type of 

assessment of crossing and waiting decisions, which were defined by the formula (4.1). 

First, the time series of mean of numbers of each type of assessment of crossing and waiting 

decisions is defined as follows: 

𝑀𝑒𝑎𝑛𝑛𝑋
(𝑡) =

1

𝑁
∑ 𝑛𝑋𝑘

(𝑡)

𝑁

𝑘=1

, 
(4.2) 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , 𝑛𝑋𝑘
(𝑡)  is defined by the formula (4.1) and 𝑁 

represents the number of the repetition. 

Second, the time series of standard deviation of numbers of each type of assessment of crossing 

and waiting decisions is defined as follows: 
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𝑆𝐷𝑛𝑋
(𝑡) = √

1

𝑁
∑(𝑛𝑋𝑘

(𝑡) − 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑡))2

𝑁

𝑘=1

, 

(4.3) 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , 𝑛𝑋𝑘
(𝑡)  is defined by the formula (4.1) and 𝑁 

represents the number of the repetition. 

4.2 Empirical Mean and Empirical Standard Deviation of Numbers of 

Each Type of Assessment of Crossing and Waiting Decisions at the End of 

the Simulation 

In this section, we introduce the statistical performance indicators: the empirical mean and the 

empirical standard deviation (in short, mean and standard deviation) of numbers of each type 

of assessment of crossing and waiting decisions at the end of the simulation. Note that, the 

statistical performance indicators presented in this section are not time series indicators, so they 

are different from the statistical performance indicators that were introduced in Section 4.1. 

However, the statistical performance indicators in this section can be easily derived from the 

performance indicators introduced in Section 4.1. When 𝑇  (i.e., the end of time step 𝑡 =

1511 ) is substituted for 𝑡  in the formulas (4.2) and (4.3), then the mean and standard 

deviation of numbers of each type of assessment of crossing and waiting decisions at the end 

of the simulation are obtained. 

In next chapter, we will use these two statistical performance indicators to comprehensively 

compare the learning performance of cognitive agents in crossing the major road using different 

DAs and to analyze the effects of the parameters on the learning performance of the agents. 



 

75 

 

Chapter 5 Statistical Analysis of Simulation Results 

In Chapter 4 we have introduced the statistical performance indicators that are calculated by 

numbers of each type of assessment of crossing and waiting decisions. In this chapter, using 

these statistical performance indicators, a statistical analysis of the learning performance of 

cognitive agents in crossing the major road will be presented. This chapter is organized as 

follows. In Section 5.1 the figures of the time series means and standard deviations of numbers 

of each type of assessment of crossing and waiting decisions will be displayed. These figures 

will help us to understand how these numbers vary as time advances. Then in Section 5.2, the 

figures of the means and standard deviations of numbers of each type of assessment of crossing 

and waiting decisions at the end of the simulation, as functions of CCP values will be displayed. 

These figures will show how the knowledge-based table transfer (KBT) affects the cognitive 

agents’ performance in terms of crossing and waiting decisions. Finally, in Section 5.3 the 

figures of the means and standard deviations of numbers of each type of assessment of crossing 

and waiting decisions at the end of the simulation, as functions of the cwDF, the four DAs and 

CCP values will be displayed. These results will provide an intuitive comparison among the 

performance of the cwDF and the four DAs, i.e. it will indicate the goodness of the cwDF and 

each DA. 

In this chapter, we only consider the following values of Desire and Fear in the statistical 

analysis: (0.0, 0.0), (0.25, 0.25), (0.5, 0.5), (0.75, 0.75) and (1.0, 1.0). This is because the same 

values of Desire and Fear reduce the complexity of the problem, since the sizes of the various 

subpopulations of agents (i.e., rational ones, risk takers, risk avoiders) do not change for these 

selected values of the Desire and Fear parameters. Recall that in Section 2.4.1 we introduced 

how to distinguish risk takers, risk avoiders and rational agents in terms of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 

𝑣(𝐹𝑒𝑎𝑟), and then in Section 2.5.2 we introduced the homogeneity and heterogeneity of a 

population in terms of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟). From these two sections we know that if the 

different values of Desire and Fear are taken, then the size of the population of risk takers and 
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of risk avoiders are different and thus, this makes the system more complex to analyze. 

Besides the above reasons concerning the sizes of the three subpopulations of agents, the 

different values of Desire and Fear generate unequal threshold for the population of risk takers 

or risk avoiders. Thus, subpopulations of risk takers and risk avoiders become heterogeneous 

in terms of threshold. Recall that in Sections 2.4.4.3 – 2.4.4.6 we introduced the concept of the 

threshold and we discussed the meaning of the threshold for different types of cognitive agents. 

The threshold for a cognitive agent is always 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) , so if 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) ≠

𝑣(𝐹𝑒𝑎𝑟), then there will be two different threshold values for risk takers or for risk avoiders. 

This brings more perturbation to the system and makes the problem more complex to analyze 

as well. 

Hence, to reduce the complexity and the heterogeneity of the perturbation caused by a selection 

of unequal values of Desire and Fear, in the presented results we only analyze the learning 

performance of cognitive agents with the equal values of Desire and Fear. 

5.1 Time Series of Means and Standard Deviations of Numbers of Each 

Type of Assessment of Crossing and Waiting Decisions 

In this section we show the figures of the time series of means and standard deviations of 

numbers of each type of assessment of crossing and waiting decisions. We use these figures to 

demonstrate how these numbers vary as time advances. 

This section is organized as follows: The figures corresponding to the cwDF and the four DAs 

will be displayed, respectively, in the Sections 5.1.1 – 5.1.5. In these sections the figures 

corresponding to each of the two traffic environments, i.e. Traffic Environment I and II, will 

be displayed separately. In each traffic environment, there are two figures, one for KBT = 0 

and another for KBT = 1, of time series of means and standard deviations of numbers of each 

type of assessment of crossing and waiting decisions. In each figure there are five rows with 

each row corresponding to a different pair of values, (v(Desire), v(Fear)), and there are four 
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columns with each column corresponding, respectively, to CCDs, ICDs, CWDs or IWDs. In 

each inset’s plot the x-axis shows the time which ranges from 0 to 1600, and the y-axis shows 

the mean of numbers of CCDs or ICDs or CWDs or IWDs and it ranges from 0 to 800. In each 

inset’s plot there are five graphs and their colors correspond to five different CCP values. In 

Traffic Environment I, red graph corresponds to CCP = 0.15, orange graph corresponds to CCP 

= 0.25, green graph corresponds to CCP = 0.35, blue graph corresponds to CCP = 0.45 and 

black graph corresponds to CCP = 0.5. In Traffic Environment II, black graph corresponds to 

CCP = 0.55, blue graph corresponds to CCP = 0.65, green graph corresponds to CCP = 0.75, 

orange graph corresponds to CCP = 0.85 and red graph corresponds to CCP = 0.95. Finally, in 

Section 5.1.6 we make the conclusions based on the qualitative analysis made in Sections 5.1.1 

– 5.1.5. 

5.1.1 cwDF 

5.1.1.1 Traffic Environment I 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cwDF in 

Traffic Environment I will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDF, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-1: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cwDF and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDF, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-2: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cwDF and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-1 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), the following several trends 

can be observed. In Traffic Environment I we observe that: 1) For each CCP value the 

mean of the number of CCDs increases with time. As the CCP value increases, the growth 

rate of the mean of the number of CCDs declines. Thus, the increase in the CCP value has 

negative effect on the mean of the number of CCDs. 2) For each CCP value the mean of 

the number of ICDs remains almost constant at a very low value after a transient growth 

at the beginning of the simulation. 3) For each CCP value the mean of the number of CWDs 

increases as time advances. As the CCP value increases, the growth rate of the mean of the 

number of CWDs increases. Since the total number of the decisions that the agents can 

make is 755, the increase of the mean of the number of CWDs is the result of the decrease 

of the mean of the number of CCDs with the increase of the CCP value. Thus, the increase 

of the CCP value has negative effect on the agents’ performance in terms of CCDs. 4) For 

CCP = 0.15 and 0.25 the means of the numbers of IWDs remain almost constant at a very 

low value after a transient growth at the beginning of the simulation while for CCP = 0.35, 

0.45 and 0.5 the means of the numbers of IWDs increase slowly. 

(2) In Figure 5-1 as the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟)  increase to (1.0, 1.0) , the 

growth rates of the means of numbers of CCDs individually decrease to almost 0 and the 

growth rates of the means of numbers of IWDs raise dramatically. As for each CCP value 

the growth rates of the means of numbers of ICDs and CWDs are almost unchanged during 

this process, the increase in the mean of the number of IWDs is the result of the decrease 

in the mean of the number of CCDs. For instance, when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =

 (0.5, 0.5), for CCP = 0.35 the growth rate of the mean of the number of CCDs drops 

significantly and the growth rate of the mean of the number of IWDs raises significantly 

compared with the growth rates of them when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.25, 0.25). 

Thus, the increase of the values, 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), has very negative effect on 
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the agents’ performance since the mean of the number of CCDs decreases significantly 

and the mean of the number of IWDs increases significantly while the means of the 

numbers of ICDs and CWDs remain almost the same. 

(3) In Figure 5-2 when KBT takes place, we observe that the KB table transfer weakens the 

decreasing trend of the growth rates of the means of numbers of CCDs and the increasing 

trend of the growth rates of the means of numbers of IWDs compared with the results of 

Figure 5-1. For instance, when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.5, 0.5), for CCP = 0.35 and 

0.45 the means of numbers of CCDs in Figure 5-2 increase more quickly and the means of 

numbers of IWDs in Figure 5-2 increase more slowly than the corresponding means 

displayed in Figure 5-1. Thus, the KBT has positive effect on the agents’ learning 

performance. 

5.1.1.2 Traffic Environment II 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cwDF in 

Traffic Environment II will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDF, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-3: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cwDF and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDF, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-4: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cwDF and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-3 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), the following several trends 

can be observed. For each type of assessment of crossing and waiting decisions the trends 

of the means of all the CCP values in Traffic Environment II are very similar. For all the 

CCP values in Traffic Environment II the means of numbers of CCDs are quite low and 

they increase slowly; the means of numbers of ICDs remain constant at a very low value 

after a transient growth at the beginning of the simulation; the means of numbers of CWDs 

increase quickly and as the time progresses they become high, and the means of numbers 

of IWDs are quite low and they increase slowly. 

(2) In Figure 5-3 as the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) increase, for all the CCP values 

the growth rates of the means of numbers of CCDs drop slightly and the growth rates of 

the means of numbers of IWDs raise slightly. 

(3) In Figure 5-4 when KBT takes place, the KB table transfer does not have an obvious effect 

on the values and the trends of the changes of the means of numbers of each type of 

assessment of crossing and waiting decisions when compared with the results of Figure 

5-3, i.e. when KBT = 0. 

5.1.2 cDA 

5.1.2.1 Traffic Environment I 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cDA in Traffic 

Environment I will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-5: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cDA and KBT = 0. 



 

86 

 

Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-6: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-5 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment of 

crossing and waiting decisions and for all the CCP values the trends of the change of the 

means are almost the same as those of the results displayed in Figure 5-1 for the cwDF, 

Traffic Environment I, KBT = 0. 

(2) In Figure 5-5 the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), does not have much 

influence on the trends of the change of the means of numbers of each type of assessment 

of crossing and waiting decisions except for (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0). When 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0), for each CCP value the mean of the numbers of 

CCDs remains constant at a very low value after a transient growth at the beginning of the 

simulation and the mean of the number of IWDs increases significantly. Moreover, with 

the increase of the values of CCP, the means of CWDs increase and the means of IWDs 

decrease as time progresses. 

(3) In Figure 5-6 when KBT takes place, the KB table transfer does not have an obvious effect 

on the trends of the change of the means of numbers of each type of assessment of crossing 

and waiting decisions when compared with the results of Figure 5-5, i.e. when KBT = 0. 

5.1.2.2 Traffic Environment II 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cDA in Traffic 

Environment II will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-7: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-8: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-7 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment of 

crossing and waiting decisions and for all the CCP values the trends of the change of the 

means are almost the same as those of the results displayed in Figure 5-3 for the cwDF, 

Traffic Environment II, KBT = 0. 

(2) In Figure 5-7 the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), does not have much 

influence on the trends of the change of the means of numbers of assessments of each type 

of decisions except for (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0) . When 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0), for each CCP value the mean of the numbers of 

CCDs remains constant at a very low value after a transient growth at the beginning of the 

simulation and the mean of the numbers of IWDs increases more quickly as compared with 

the corresponding mean of other 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) pairs. 

(3) In Figure 5-8 when KBT takes place, the KB table transfer does not have an obvious effect 

on the trends of the change of the means of numbers of each type of assessment of crossing 

and waiting decisions when compared with the results of Figure 5-7, i.e. when KBT = 0. 

5.1.3 wDA 

5.1.3.1 Traffic Environment I 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the wDA in Traffic 

Environment I will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-9: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the wDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-10: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the wDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-9 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment of 

crossing and waiting decisions and for most of CCP values the trends of the change of the 

means are analogous to those of the results displayed in Figure 5-1 for the cwDF, Traffic 

Environment I, KBT = 0 and in Figure 5-5 for the cDA, Traffic Environment I, KBT = 0. 

However, for the wDA: For CCP = 0.35 the mean of the numbers of ICDs increases slowly, 

and for CCP = 0.35 the mean of the numbers of CWDs overlaps with the mean for CCP = 

0.25, and for CCP = 0.35 the mean of the numbers of IWDs remains constant at a very low 

value after a transient growth at the beginning of the simulation. 

(2) In Figure 5-9 the influence of the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), is 

analogous to the influence of the increase of these values on the results displayed in Figure 

5-5 for the cDA, Traffic Environment I, KBT = 0.  

(3) In Figure 5-10 when KBT takes place, it increases the means of numbers of ICDs and 

reduces the means of numbers of CWDs for CCP = 0.45 and 0.5 when 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) . However, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟) 

increase to 0.5 in Figure 5-10, the trends of the change of the means are like those of the 

results displayed in Figure 5-9 for KBT = 0. For 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) greater than 

0.5 the KBT does not have an obvious effect on the trends of the change of the means of 

numbers of each type of assessment of crossing and waiting decisions. Thus, the KBT only 

has negative effect on the agents’ learning performance for CCP = 0.45 and 0.5, when 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) are equal to 0.0 and 0.25. 

5.1.3.2 Traffic Environment II 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the wDA in Traffic 

Environment II will be displayed. 



 

94 

 

Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-11: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the wDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-12: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the wDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-11 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment 

of crossing and waiting decisions and for all the CCP values the trends of the change of 

the means are almost the same as those of the results displayed in Figure 5-3 for the cwDF, 

Traffic Environment II, KBT = 0 and in Figure 5-7 for the cDA, Traffic Environment II, 

KBT = 0. 

(2) In Figure 5-11 the influence of the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), is 

analogous to the influence of the increase of these values on the results displayed in Figure 

5-7 for the cDA, Traffic Environment II, KBT = 0. 

(3) In Figure 5-12 when KBT takes place, the KB table transfer increases the means of 

numbers of ICDs and reduces the means of numbers of CWDs for all the CCP values when 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) . However, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟) 

increase to 0.5 in Figure 5-12, the trends of the change of the means of numbers of each 

type of assessment of crossing and waiting decisions become similar to those displayed in 

Figure 5-11, and for values 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟) greater than 0.5 the KBT does not have 

an obvious effect on the trends of the change of the means of numbers of each type of 

assessment of crossing and waiting decisions. Thus, the KBT has negative effect on the 

agents’ learning performance for all the CCP values, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) are 

equal to 0.0 and 0.25. 

5.1.4 cwDA 

5.1.4.1 Traffic Environment I 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cwDA in 

Traffic Environment I will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-13: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cwDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-14: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the cwDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-13 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment 

of crossing and waiting decisions and for all the CCP values the trends of the change of 

the means are almost the same as those of the results displayed in Figure 5-9 for the wDA, 

Traffic Environment I, KBT = 0. 

(2) In Figure 5-13 with the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), for all the 

CCP values the growth rates of the means of numbers of CCDs drop and the growth rates 

of the means of numbers of IWDs raise. Thus, the rise of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 

𝑣(𝐹𝑒𝑎𝑟)  has negative effect on the agents’ performance with respect to crossing and 

waiting decisions. 

(3) In Figure 5-14 when KBT takes place, the KB table transfer increases the means of 

numbers of ICDs and reduces the means of numbers of CWDs for CCP = 0.45 and 0.5 

when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0). However, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) 

increase to 0.25 in Figure 5-14, the trends of the change of the means of numbers of each 

type of assessment of crossing and waiting decisions become similar to those displayed in 

Figure 5-13, and for values 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟) greater than 0.25 the KBT does not 

have an obvious effect on the trends of the change of the means of numbers of each type 

of assessment of crossing and waiting decisions. Thus, the KBT only has noticeable effect 

for CCP = 0.45 and 0.5, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) are equal to 0.0, in which cases 

more agents try to cross the road at expense of correcting waiting and this results in lager 

number of agents being killed. 

5.1.4.2 Traffic Environment II 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions, corresponding to the cwDA in 

Traffic Environment II will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-15: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cwDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-16: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the cwDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-15 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) for each type of assessment 

of crossing and waiting decisions and for all the CCP values the trends of the change of 

the means are almost the same as those of the results displayed in Figure 5-3 for the cwDF, 

Traffic Environment II, KBT = 0, in Figure 5-7 for the cDA, Traffic Environment II, KBT 

= 0 and in Figure 5-11 for the wDA, Traffic Environment II, KBT = 0. 

(2) In Figure 5-15 the influence of the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), is 

analogous to the influence of the increase of these values on the results displayed in Figure 

5-3 for the cwDF, Traffic Environment II, KBT = 0. 

(3) In Figure 5-16 when KBT takes place, it increases the means of numbers of ICDs and 

reduces the means of numbers of CWDs for all the CCP values when 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) . However, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟) 

increase to 0.25 in Figure 5-16, the trends of the change of the means are like those of the 

results displayed in Figure 5-15, and for values 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟) greater than 0.25 

the KBT does not have an obvious effect on the trends of the change of the means of 

numbers of each type of assessment of crossing and waiting decisions. Thus, the KBT only 

has noticeable effect on the agents’ learning performance for all the CCP values, when 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) are equal to 0.0, in which cases more agents try to cross the 

road at expense of correcting waiting and this results in lager number of agents being killed. 

5.1.5 wcDA 

5.1.5.1 Traffic Environment I 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions corresponding to the wcDA in Traffic 

Environment I will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wcDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-17: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the wcDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wcDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-18: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment I: 0.15 (red), 0.25 (orange), 0.35 (green), 0.45 (blue) and 0.5 (black), 

when agents use the wcDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-17 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment 

of crossing and waiting decisions and for all the CCP values the trends of the change of 

the means are almost the same as those of the results displayed in Figure 5-9 for the wDA, 

Traffic Environment I, KBT = 0 and in Figure 5-13 for the cwDA, Traffic Environment I, 

KBT = 0. 

(2) In Figure 5-17 the influence of the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), is 

analogous to the influence of the increase of these values on the results displayed in Figure 

5-5 for the cDA, Traffic Environment I, KBT = 0 and in Figure 5-9 for the wDA, Traffic 

Environment I, KBT = 0. 

(3) In Figure 5-18 when KBT takes place, the influence that the KB table transfer on the means 

of numbers of ICDs and CWDs is like the influence of it in Figure 5-14 for the cwDA, 

Traffic Environment I, KBT = 1. 

5.1.5.2 Traffic Environment II 

In this section, the figures of the time series of means and standard deviations of numbers of 

each type of assessment of crossing and waiting decisions corresponding to the wcDA in Traffic 

Environment II will be displayed. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wcDA, KBT = 0, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-19: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the wcDA and KBT = 0. 
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Time Series of Means and Standard Deviations of Numbers of Each Type of Assessment of 

Crossing and Waiting Decisions 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wcDA, KBT = 1, RD = 1, HM = 0 

CCDs ICDs CWDs IWDs 

v(Desire) = 0.0, v(Fear) = 0.0 

    

v(Desire) = 0.25, v(Fear) = 0.25 

    

v(Desire) = 0.5, v(Fear) = 0.5 

    

v(Desire) = 0.75, v(Fear) = 0.75 

    

v(Desire) = 1.0, v(Fear) = 1.0 

    

Figure 5-20: Time series of means (solid graphs) and standard deviations (STDs) (markers) of 

numbers (Nos) of CCDs, ICDs, CWDs and IWDs corresponding, respectively, to CCP values 

in Traffic Environment II: 0.55 (black), 0.65 (blue), 0.75 (green), 0.85 (orange) and 0.95 (red), 

when agents use the wcDA and KBT = 1. 
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Qualitative Analysis: 

(1) In Figure 5-19 when (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0), for each type of assessment 

of crossing and waiting decisions and for all the CCP values the trends of the change of 

the means are almost the same as those of the results displayed in Figure 5-3 for the cwDF, 

Traffic Environment II, KBT = 0, in Figure 5-7 for the cDA, Traffic Environment II, KBT 

= 0), in Figure 5-11 for the wDA, Traffic Environment II, KBT = 0 and in Figure 5-15 for 

the cwDA, Traffic Environment II, KBT = 0. 

(2) In Figure 5-19 the influence of the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), is 

analogous to the influence of the increase of these values on the results displayed in Figure 

5-3 for the cwDF, Traffic Environment II, KBT = 0 and in Figure 5-15 for the cwDA, 

Traffic Environment II, KBT = 0. 

(3) In Figure 5-20 when KBT takes place, the means of numbers of CWDs significantly 

decrease and the means of numbers of ICDs significantly increase. Thus, the influence of 

the KB table transfer on the means of numbers of ICDs and CWDs is like the influence of 

it in Figure 5-16 for the cwDA, Traffic Environment II, KBT = 1. 

5.1.6 Conclusion 

Based on the qualitative analysis in the section of the cwDF and of each DA, we can make the 

following conclusions. 

(1) In terms of the influence that the increase of the values of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟), has 

on the trends of the change of the means, the cognitive agents using the cwDF and the 

cwDA are negatively affected all the time while the other three DAs are not negatively 

affected by the increase of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒)  and 𝑣(𝐹𝑒𝑎𝑟)  until (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =

 (1.0, 1.0).  

When (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0), the risk avoiders result in the poor means of 
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the numbers of CCDs. When (𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (1.0, 1.0), for a risk avoider it 

may take the value of Desire 0.0 and may take the value of Fear 1.0. In this case, the 

threshold = 𝑣(𝐹𝑒𝑎𝑟) − 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) = 1. Therefore, no matter which algorithm this agent 

uses, it will always make the waiting decision. Thus, in this case, for each CCP value the 

means of the numbers of CCDs and ICDs remain constant at a very low value after a 

transient growth at the beginning of the simulation, while the means of the numbers of 

CWDs and IWDs keep increasing until the end of the simulation. 

(2) In terms of the influence that the KBT has on the trends of the change of the means, when 

KBT takes place, the cognitive agents using the cwDF are noticeably affected while the 

agents using the cDA are not influenced too much. However, the cognitive agents using 

either the wDA, or the cwDA or the wcDA are mainly affected when 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) . In most cases, more agents attempt to cross the 

road when it is not safe and, as a result, are killed. More specifically, this type of the effect 

of the KBT can be seen in the following cases: When the agents use the wDA for 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0)  and (0.25, 0.25)  while CCP = 0.45 and 0.5 in 

Traffic Environment I and II, and when the agents use the cwDA or the wcDA for 

(𝑣(𝐷𝑒𝑠𝑖𝑟𝑒), 𝑣(𝐹𝑒𝑎𝑟))  =  (0.0, 0.0) while CCP = 0.45 and 0.5 in Traffic Environment 

I and II. 

In next section, we will use some quantitative methods to analyze the effect of the KBT on the 

agents’ learning performance with respect to their crossing and waiting decisions. 

5.2 Means and Standard Deviations of Numbers of Each Type of 

Assessment of Crossing and Waiting Decisions at Simulation End, as 

Functions of CCP Values 

In this section we show the figures of the means and standard deviations of numbers of each 

type of assessment of crossing and waiting decisions at the end of the simulation, as functions 
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of CCP values. We use these figures to demonstrate how the KBT affects the agents’ learning 

performance with respect to their crossing and waiting decisions. 

This section is organized as follows: The figures of the cwDF and the four DAs will be 

displayed respectively in the Sections 5.2.1 – 5.2.5. In the section of the cwDF and of each 

of the DA the figures corresponding to two traffic environments, i.e. Traffic Environment I and 

II, will be displayed separately. For each traffic environment, a figure of means and standard 

deviations of numbers of each type of assessment of crossing and waiting decisions at 

simulation end, as the function of CCP values is displayed. In each figure there are five rows 

with each row corresponding to a different pair of values, (v(Desire), v(Fear)), and there are 

two columns with each column corresponding, respectively, to KBT = 0 or 1. In order to 

accommodate number of presented plots in each figure, every figure is consisted of two 

consecutive sub-figures, i.e. figure (a) and figure (b). In each plot the upper inset shows the 

means and the lower inset shows the standard deviations of numbers of each type of assessment 

of crossing and waiting decisions (i.e., green bar corresponds to CCDs, red bar corresponds to 

ICDs, blue bar corresponds to CWDs and orange bar corresponds to IWDs.). In each plot the 

range of the y-axis in the upper inset is from 0 to 800, while the range of the y-axis in the lower 

inset is from 0 to 300, and the means are listed at the top of the bars in the upper inset. Finally, 

in Section 5.2.6 we make the conclusions based on the quantitative analysis made in Sections 

5.2.1 – 5.2.5. 

To evaluate if the KBT improves the agents’ learning performance with respect to their crossing 

and waiting decisions in every considered scenario (i.e., for a fixed pair of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 

𝑣(𝐹𝑒𝑎𝑟)  and a fixed value of CCP), we calculate the differences between the 

𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (𝐾𝐵𝑇 = 1)  and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (𝐾𝐵𝑇 = 0) , where 𝑋 ∈

{𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, for every considered scenario based on the numbers shown in the 

figures. The results of these differences are displayed in Appendix A. 

As can be seen from the tables in Appendix A, positive numbers are marked in red colour. For 
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a considered scenario, the best result we hope to see is that 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) −

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 0)  and 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 0) 

are positive. However, for some scenarios this is not true. Thus, if 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 =

1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 0)  is positive but 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 1) −

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 0)  is negative, then we will need to compare 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  with 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) −

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 0)  because 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 =

0)  and 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  are negatively correlated. 

Their negative correlation can be easily known from looking at the crossing process and it can 

be known that, 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0)

≈ − (𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0)), 

provided the simulations are sufficiently long, which is true for our simulations. This means 

the decrease in the mean of the number of CWDs entirely contributes to the increase in the 

mean of the number of ICDs, so we use 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝐾𝐵𝑇 =

0) to make the comparison with 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0), if 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  is negative. For the analogous 

reason, for some scenarios if 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  is 

positive but 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  is negative, then we 

will need to compare 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0)  with 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0), because, 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝐾𝐵𝑇 = 0)

≈ − (𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0)), 

provided the simulations are sufficiently long. The above discussion leads to the following 

criteria to determine if the KBT improves the agents’ learning performance or not. 
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Criteria: For a considered scenario, if 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝐾𝐵𝑇 =

0) + 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝐾𝐵𝑇 = 1) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝐾𝐵𝑇 = 0) ≥ 0 , then the KBT will 

improve the agents’ learning performance with respect to their crossing and waiting decisions. 

Otherwise, the KBT reduces the agents’ learning performance with respect to their crossing 

and waiting decisions. 

5.2.1 cwDF 

5.2.1.1 Traffic Environment I 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cwDF in Traffic Environment I will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDF, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-21 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cwDF, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDF, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-21 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cwDF, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 1 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 1, there are 22 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are only 3 cases 

that the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment I, 88% of the cases show that the agents’ learning performance is improved when 

they use the cwDF. 

5.2.1.2 Traffic Environment II 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cwDF in Traffic Environment II will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDF, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-22 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cwDF, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDF, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-22 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cwDF, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 2 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 2, there are 14 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are 11 cases that 

the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment II, only 56% of the cases show that the agents’ learning performance is improved 

when they use the cwDF. Hence, in Traffic Environment II, for the cwDF the KB table transfer 

has almost no effect. 

5.2.2 cDA 

5.2.2.1 Traffic Environment I 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cDA in Traffic Environment I will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-23 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-23 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 3 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 3, there are 21 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are only 4 cases 

that the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment I, 84% of the cases show that the agents’ learning performance is improved when 

they use the cDA. 

5.2.2.2 Traffic Environment II 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cDA in Traffic Environment II will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-24 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-24 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 4 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 4, there are 20 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are only 5 cases 

that the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment II, 80% of the cases show that the agents’ learning performance is improved when 

they use the cDA. 

5.2.3 wDA 

5.2.3.1 Traffic Environment I 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

wDA in Traffic Environment I will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-25 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the wDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-25 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the wDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 5 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 5, there are 16 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are 9 cases that the 

agents’ learning performance is reduced. Thus, when KBT takes place in Traffic Environment 

I, 64% of the cases show that the agents’ learning performance is improved when they use the 

wDA. 

5.2.3.2 Traffic Environment II 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

wDA in Traffic Environment II will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-26 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the wDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-26 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the wDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 6 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 6, there are 9 cases that the agents’ learning performance with 

respect to their crossing and waiting decisions is improved while there are 16 cases that the 

agents’ learning performance is reduced. Thus, when KBT takes place in Traffic Environment 

II, 36% of the cases show that the agents’ learning performance is improved when they use the 

wDA. Hence, in Traffic Environment II, for the wDA the KB table transfer degenerates the 

agents’ learning performance. 

5.2.4 cwDA 

5.2.4.1 Traffic Environment I 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cwDA in Traffic Environment I will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-27 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cwDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = cwDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-27 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the cwDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 7 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 7, there are 18 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are 7 cases that the 

agents’ learning performance is reduced. Thus, when KBT takes place in Traffic Environment 

I, 72% of the cases show that the agents’ learning performance is improved when they use the 

cwDA. 

5.2.4.2 Traffic Environment II 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

cwDA in Traffic Environment II will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-28 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cwDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = cwDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-28 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the cwDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 8 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 8, there are 11 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are 14 cases that 

the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment II, 32% of the cases show that the agents’ learning performance is improved when 

they use the cwDA. Hence, in Traffic Environment II, for the cwDA the KB table transfer 

degenerates the agents’ learning performance. 

5.2.5 wcDA 

5.2.5.1 Traffic Environment I 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

wcDA in Traffic Environment I will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wcDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-29 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the wcDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

DA = wcDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-29 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment I, when 

agents use the wcDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 9 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 9, there are 21 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are only 4 cases 

that the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment I, 84% of the cases show that the agents’ learning performance is improved when 

they use the wcDA. 

5.2.5.2 Traffic Environment II 

In this section, the figures of the means and standard deviations of numbers of each type of 

assessment of crossing and waiting decisions at the end of the simulation, corresponding to the 

wcDA in Traffic Environment II will be displayed. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wcDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-30 (a): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the wcDA, KBT=0 and 1. 
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Means and Standard Deviations of Numbers of Each Type of Assessment of Crossing and Waiting 

Decisions at Simulation End, T = 1511, as Functions of CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

DA = wcDA, RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-30 (b): In each plot, the upper inset displays means and the lower inset displays 

standard deviations (STDs) of numbers (Nos) of each type of assessment of crossing and 

waiting decisions at simulation end, as functions of CCP values in Traffic Environment II, when 

agents use the wcDA, KBT=0 and 1. 
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Using the numbers in the above figure (a) and figure (b), we produced the table A. 10 in 

Appendix A. 

Quantitative Analysis: 

As can be seen from the table A. 10, there are 15 cases that the agents’ learning performance 

with respect to their crossing and waiting decisions is improved while there are 10 cases that 

the agents’ learning performance is reduced. Thus, when KBT takes place in Traffic 

Environment II, 60% of the cases show that the agents’ learning performance is improved when 

they use the wcDA. 

5.2.6 Conclusion 

Based on the results observed from the table A. 1 to A. 10 and based on the quantitative analysis 

made in the section of the cwDF and of each DA, we can make the following conclusions.  

(1) In the tables A. 1 to A. 10 the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (KBT = 1) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇)  (KBT = 0) are the opposite numbers of the differences between the 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (KBT = 1) and the 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (KBT = 0), and the differences between 

the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (KBT = 1) and the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (KBT = 0) are the opposite numbers 

of the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (KBT = 1) and the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (KBT 

= 0). This indicates that when KBT takes place, the change of the mean of the number of 

CCDs leads to the opposite change of the mean of the number of IWDs and the change of 

the mean of the number of ICDs leads to the opposite change of the mean of the number 

of CWDs. 

(2) For all the rows where CCP = 0.15 in the tables A. 1 to A. 10, the differences are all equal 

to 0. This is true because no matter if KBT takes place, the agents do not have any pre-

existing knowledge with the initial CCP value in Traffic Environment I, so the means for 

KBT = 1 and the means for KBT = 0 are the same when CCP value is the initial one in 
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Traffic Environment I. 

(3) The KBT improves the agents’ learning performance in more than 80% of the scenarios, 

when they use the cDA, regardless of the traffic environment. The KBT improves the 

agents’ learning performance in more than 80% of the scenarios, when they use the cwDF 

and the wcDA in the Traffic Environment I, whereas in Traffic Environment II, the KBT 

only has positive effect in about 60% of the scenarios when the agents use the cwDF and 

the wcDA. The KBT improves the agents’ learning performance in about 70% of the 

scenarios, when they use the wDA and the cwDA in the Traffic Environment I but in Traffic 

Environment II, the KBT has negative effect in about 65% of the scenarios when the agents 

use the wDA and the cwDA. Thus, for the cwDF, cDA and wcDA the KBT has positive 

effect on the performances of these decision algorithms in Traffic Environment I. However, 

if we consider the promoted effect that the KBT has on the performances of the decision 

algorithms in Traffic Environment II, then only for the cDA the KBT improves the 

performance of the DA. 

In this thesis, we only calculated the percentage of the improved or degenerated scenarios 

when the KBT took place, and then we determined if the KBT improved or weakened the 

agents’ learning performance based on these percentages. We did not use the numerical 

values of the differences in the tables A. 1 – A. 10 to measure how much improvement the 

KBT made because there were so many scenarios in this model and the difference for each 

scenario was distinct. Thus, it was hard to compare how much improvement the KBT made 

to the agents’ learning performance with respect to each scenario. One may look at these 

differences and try to find some potential patterns to make a comparison that how much 

improvement the KBT makes to the agents’ learning performance with respect to each 

different scenario in the future work. 

In next section, we will use some quantitative methods to compare the performance among the 

the cwDF and the four DAs. 
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5.3 Means and Standard Deviations of Numbers of Each Type of 

Assessment of Crossing and Waiting Decisions at Simulation End, as 

Functions of cwDF, DAs and CCP Values 

In this section we display the figures of the means and standard deviations of numbers of each 

type of assessment of crossing and waiting decisions at the end of the simulation, as functions 

of the cwDF, DAs and CCP values. We use these figures to compare the performance among 

the cwDF and the four DAs.  

This section is organized as follows: The figures corresponding to Traffic Environment I and 

II will be displayed, respectively, in Section 5.3.1 and 5.3.2. In Traffic Environment I and 

Traffic Environment II sections, the figures corresponding to CCDs, ICDs, CWDs and IWDs 

will be displayed separately. In each figure, there are five rows with each row corresponding 

to a different pair of values, (v(Desire), v(Fear)), and there are two columns with each column 

corresponding, respectively, to KBT = 0 or 1. In order to accommodate number of presented 

plots in each figure, every figure is consisted of two consecutive sub-figures, i.e. figure (a) and 

figure (b). In each plot the x-axis shows the cwDF and the four DAs, and the y-axis shows the 

CCP values, and the z-axis shows the mean of numbers of the assessment of the decision. The 

range of the z-axis is from 0 to 800. In each plot the means are listed at the top of the bars and 

the black bars represent the standard deviations. Finally, in Section 5.3.3 we make the 

conclusions based on the quantitative analysis made in Sections 5.3.1 and 5.3.2. 

To evaluate if there is any improvement for any new DA in comparison with the cwDF in each 

considered scenario (i.e., for a fixed pair of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) and a fixed value of 

CCP), the cwDF will be used as terms of reference and the differences of the means between 

the results produced by each DA and by the cwDF will be calculated. The 

𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (𝑐𝑤𝐷𝐹)  and the differences between the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (𝑌)  and the 

𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (𝑐𝑤𝐷𝐹) , where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}  and where 𝑌 ∈

{𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴}  are calculated based on the numbers shown in the figures. The 
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results of the differences in Traffic Environment I are displayed from B. 1 to B. 8 in Appendix 

B and the results of the differences in Traffic Environment II are displayed from C. 1 to C. 8 in 

Appendix C. 

As can be seen from the tables B. 9 – B. 16 in Appendix B and the tables C. 9 – C. 16 in 

Appendix C, positive numbers are marked in red colour, and it is easy to know that, 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝑐𝑤𝐷𝐹)

≈ − (𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑐𝑤𝐷𝐹)), 

and 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝑐𝑤𝐷𝐹)

≈ − (𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑐𝑤𝐷𝐹)), 

provided the simulations are sufficiently long. Like the criteria we used in Section 5.2, the 

following criteria is used to determine if the performance of the new DA is better than the 

performance of the cwDF or not. 

Criteria: For a considered scenario, if 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑐𝑤𝐷𝐹) +

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (𝑌) − 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑐𝑤𝐷𝐹) ≥ 0 , where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , 

then the performance of the DA = 𝑌  will be better than that of the cwDF. Otherwise, the 

performance of the DA = 𝑌 is worse than that of the cwDF. 

5.3.1 Traffic Environment I 

5.3.1.1 CCD 

In this section, the figures of means and standard deviations of numbers of CCDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment I will 

be displayed. 
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Means and Standard Deviations of Numbers of CCDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-31 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CCDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of CCDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-31 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CCDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables B. 1 and B. 2 

in Appendix B. 

5.3.1.2 ICD 

In this section, the figures of means and standard deviations of numbers of ICDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment I will 

be displayed. 
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Means and Standard Deviations of Numbers of ICDs at Simulation End, T = 1511, as Functions of 

the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-32 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of ICDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of ICDs at Simulation End, T = 1511, as Functions of 

the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-32 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of ICDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables B. 3 and B. 4 

in Appendix B. 

5.3.1.3 CWD 

In this section, the figures of means and standard deviations of numbers of CWDs at the end 

of the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment I 

will be displayed. 
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Means and Standard Deviations of Numbers of CWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-33 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of CWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-33 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables B. 5 and B. 6 

in Appendix B. 

5.3.1.4 IWD 

In this section, the figures of means and standard deviations of numbers of IWDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment I will 

be displayed. 
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Means and Standard Deviations of Numbers of IWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-34 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of IWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of IWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-34 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of IWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment I, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables B. 7 and B. 8 

in Appendix B. 

Quantitative Analysis: 

After obtaining the tables B. 1 – B. 8, we integrated the results of these tables and then 

produced the differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (𝑌) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (𝑐𝑤𝐷𝐹), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}  for each single 𝑌 , 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴}  in Traffic 
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Environment I. The integrated results are displayed in the tables B. 9 – B. 16. Using the criteria 

that we introduced at the beginning of this section, we can get the following quantitative 

analysis table based on the results of the tables B. 9 – B. 16. 

Table 5-1: Quantitative analysis table for the DAs in Traffic Environment I, based on the results 

of the tables B. 9 – B. 16. The “>” sign represents better than and the “<” represents worse than. 

Traffic 

Environment I 

DA KBT Performance 
Number of 

Scenarios 
Percentage 

cDA 

0 
cDA > cwDF 22 88% 

cDA < cwDF 3 12% 

1 
cDA > cwDF 25 100% 

cDA < cwDF 0 0% 

wDA 

0 
wDA > cwDF 22 88% 

wDA < cwDF 3 12% 

1 
wDA > cwDF 19 76% 

wDA < cwDF 6 24% 

cwDA 

0 
cwDA > cwDF 14 56% 

cwDA < cwDF 11 44% 

1 
cwDA > cwDF 11 44% 

cwDA < cwDF 14 56% 

wcDA 

0 
wcDA > cwDF 18 72% 

wcDA < cwDF 7 28% 

1 
wcDA > cwDF 18 72% 

wcDA < cwDF 7 28% 

5.3.2 Traffic Environment II 

5.3.2.1 CCD 

In this section, the figures of means and standard deviations of numbers of CCDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment II will 

be displayed. 
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Means and Standard Deviations of Numbers of CCDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-35 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CCDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of CCDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-35 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CCDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables C. 1 and C. 2 

in Appendix C. 

5.3.2.2 ICD 

In this section, the figures of means and standard deviations of numbers of ICDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment II will 

be displayed. 
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Means and Standard Deviations of Numbers of ICDs at Simulation End, T = 1511, as Functions of 

the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-36 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of ICDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of ICDs at Simulation End, T = 1511, as Functions of 

the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-36 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of ICDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables C. 3 and C. 4 

in Appendix C. 

5.3.2.3 CWD 

In this section, the figures of means and standard deviations of numbers of CWDs at the end 

of the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment II 

will be displayed. 
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Means and Standard Deviations of Numbers of CWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-37 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of CWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-37 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of CWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables C. 5 and C. 6 

in Appendix C. 

5.3.2.4 IWD 

In this section, the figures of means and standard deviations of numbers of IWDs at the end of 

the simulation, as functions of the cwDF, DAs and CCP values, in Traffic Environment II will 

be displayed. 
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Means and Standard Deviations of Numbers of IWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.0, v(Fear) = 0.0 

  

v(Desire) = 0.25, v(Fear) = 0.25 

  

v(Desire) = 0.5, v(Fear) = 0.5 

  

Figure 5-38 (a): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of IWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 
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Means and Standard Deviations of Numbers of IWDs at Simulation End, T = 1511, as Functions 

of the cwDF, DAs and CCP Values 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

RD = 1, HM = 0 

KBT = 0 KBT = 1 

v(Desire) = 0.75, v(Fear) = 0.75 

  

v(Desire) = 1.0, v(Fear) = 1.0 

  

Figure 5-38 (b): Means and standard deviations (STDs), marked by black colour, of numbers 

(Nos) of IWDs at simulation end, as functions of the cwDF, DAs and CCP values in Traffic 

Environment II, when KBT = 0 and 1. The mean values are listed at the bars’ tops. 

Using the numbers in the above figure (a) and figure (b), we produced the tables C. 7 and C. 8 

in Appendix C. 

Quantitative Analysis: 

After obtaining the tables C. 1 – C. 8, we integrated the results of these tables and then 

produced the differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (𝑌) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (𝑐𝑤𝐷𝐹), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}  for each single 𝑌 , 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴}  in Traffic 
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Environment II. The integrated results are displayed in the tables C. 9 – C. 16. Using the criteria 

that we introduced at the beginning of this section, we can get the following quantitative 

analysis table based on the results of the tables C. 9 – C. 16. 

Table 5-2: Quantitative analysis table for the DAs in Traffic Environment II, based on the 

results of the tables C. 9 – C. 16. The “>” sign represents better than and the “<” represents 

worse than. 

Traffic 

Environment II 

DA KBT Performance 
Number of 

Scenarios 
Percentage 

cDA 

0 
cDA > cwDF 20 80% 

cDA < cwDF 5 20% 

1 
cDA > cwDF 25 100% 

cDA < cwDF 0 0% 

wDA 

0 
wDA > cwDF 20 80% 

wDA < cwDF 5 20% 

1 
wDA > cwDF 15 60% 

wDA < cwDF 10 40% 

cwDA 

0 
cwDA > cwDF 20 80% 

cwDA < cwDF 5 20% 

1 
cwDA > cwDF 20 80% 

cwDA < cwDF 5 20% 

wcDA 

0 
wcDA > cwDF 20 80% 

wcDA < cwDF 5 20% 

1 
wcDA > cwDF 20 80% 

wcDA < cwDF 5 20% 

5.3.3 Conclusion 

Based on the quantitative analysis made in the section of Traffic Environment I and II, we draw 

a conclusion that in Traffic Environment I when KBT does not take place, all the four new DAs 

perform better than the cwDF but when KBT takes place, then the performances of the cDA, 

the wDA and the wcDA are still better than that of the cwDF, whereas the performances of the 

cwDA is worse than that of the cwDF. In traffic Environment II regardless of whether the KBT 

takes place or not, all the four new DAs perform better than the cwDF. 

If we order the cwDF and the four new DAs in the order of the goodness of their performance, 

then in Traffic Environment I when KBT does not take place, the order is: 𝑐𝐷𝐴 = 𝑤𝐷𝐴 >
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𝑤𝑐𝐷𝐴 > 𝑐𝑤𝐷𝐴 > 𝑐𝑤𝐷𝐹 . However, if KBT takes place, then the order becomes: 𝑐𝐷𝐴 >

𝑤𝐷𝐴 > 𝑤𝑐𝐷𝐴 > 𝑐𝑤𝐷𝐹 > 𝑐𝑤𝐷𝐴. In Traffic Environment II when KBT does not take place, 

the order is: 𝑐𝐷𝐴 = 𝑤𝐷𝐴 = 𝑤𝑐𝐷𝐴 = 𝑐𝑤𝐷𝐴 > 𝑐𝑤𝐷𝐹 but when KBT takes place, the order 

becomes: 𝑐𝐷𝐴 > 𝑤𝑐𝐷𝐴 = 𝑐𝑤𝐷𝐴 > 𝑤𝐷𝐴 > 𝑐𝑤𝐷𝐹. 
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Chapter 6 Conclusions and Future Work 

6.1 Conclusions 

This thesis presented four new decision algorithms for cognitive agents learning to cross an 

intersection consisting of a major and a minor road. In the first three chapters, we introduced 

the modified Nagel-Schreckenberg model, the parameters used in the simulation and the four 

new DAs designed for the model. Based on the statistical performance indicators defined in 

Chapter 4, we performed statistical analysis in Chapter 5 and we obtained the results showing 

the effects of the parameters: DA, KBT, CCP, and Desire & Fear on the cognitive agents’ 

performance in learning to cross the intersection. As the result of the analysis we can make the 

following conclusions.  

(1) First, based on the qualitative analysis of the results of Section 5.1, as the values of 

𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) increase to 1.0, the agents using the cwDF and the cwDA are 

negatively influenced by the increase of 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) and 𝑣(𝐹𝑒𝑎𝑟) but the agents using 

the cDA, the wDA or the wcDA are not affected too much. However, when 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) =

𝑣(𝐹𝑒𝑎𝑟) = 1.0, the agents have poor performance in CCDs and IWDs no matter which 

DA they use.  

(2) Then, based on the quantitative analysis of the results of Section 5.2, in Traffic 

Environment I the KBT has good effect on enhancing the cognitive agents’ learning 

performance when they use the cwDF or all the four DAs but the best three algorithms are 

the cwDF, cDA and the wcDA. In Traffic Environment II the KBT has good effect on 

enhancing the cognitive agents’ learning performance when they use the cwDF, the cDA 

or the wcDA while the best algorithm is the cDA. In addition, in Traffic Environment II 

the cognitive agents should not use the wDA or the cwDA because the KBT reduces the 

agents’ learning performance when they use these two algorithms. Hence, if KBT is used 

to improve the learning performance of cognitive agents, then the cDA would be the most 
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appropriate decision algorithm to maximize the utility of KB table transfer. 

(3) Eventually, based on the quantitative analysis of the results of Section 5.3, when KBT does 

not take place, then all the four DAs perform better than the cwDF, regardless of the traffic 

environment. However, when KBT takes place, then the performance of the cwDA is worse 

than that of the cwDF in Traffic Environment I while the performances of other three DAs 

are still better than the performance of the cwDF in Traffic Environment I and all the four 

DAs perform better than the cwDF in Traffic Environment II. The interesting thing is that 

from (2) we know that even though in Traffic Environment II the KBT reduces the agents’ 

learning performance when they use the wDA or the cwDA, these two DAs still perform 

better than the cwDF in this case. 

In conclusion, if one wants to utilize KBT to improve the agents’ learning performance and if 

one wants to select an algorithm that performs better than the cwDF, then in Traffic 

Environment I one can take advantage of the cDA or of the wcDA, and in Traffic Environment 

II one can make use of the cDA. 

6.2 Potential Future Work  

The major problem that existed in the presented model was that we only used the single 

crossing point and we did not allow the agents to change the crossing points. The agents’ 

inability to change the crossing point led to the blocking problem on the minor road, which 

was introduced in Section 3.3.2. The blocking problem caused some of the IWDs to be 

meaningless because an agent, which blocked the minor road, along with the fixed 𝑣(𝐷𝑒𝑠𝑖𝑟𝑒) 

and 𝑣(𝐹𝑒𝑎𝑟) did not attempt to make the crossing decision for a long time, when the traffic 

flow was stable. Thus, to solve this problem, an agent must be able to change its crossing point. 

When changing crossing point is achieved, an agent could switch to a new crossing point if it 

cannot make the crossing decision at the current crossing point. The shift to the new crossing 

point could update the proximity and velocity categories that the agent identified at the previous 
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crossing point, when the traffic flow is stable. Hence, allowing the agents to change their 

crossing points could solve the blocking problem and clear those meaningless IWDs. In 

addition, to improve the learning performance of the cognitive agents, one could build a more 

precise KB table by improving the accuracy of the division of the proximity and velocity 

categories. 

As the attributes, Desire and Fear, of the agents were used to introduce the threshold in the 

decision algorithm, one may use other terminologies to replace them or alternatively, simply 

use the terminology “threshold”, where 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ∈ [−1, 1] . In our analysis, we kept the 

sizes of sub-populations of rational agents, risk takers and risk avoiders the same for all the 

considered values of Dear and Fear parameters (i.e., the threshold values) but we did not obtain 

the results for some other threshold values because that would further complicate the analysis. 

Thus, in the future work one may specifically focus on the analysis of the effects of the 

threshold values on the agents’ performance for every decision algorithm or for the decision 

formula. Another potential researching direction is that one could consider the cars on the major 

road as cognitive agents as well, i.e. the cars on the major road could also have the ability to 

perceive, to reason and to judge the information and eventually, to react to the environment 

and to other agents. One may need to construct the KB table for the cars and to design the 

algorithms for the cars to implement the consecutive four steps that were described in Section 

2.3.  
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APPENDIX A 

A. 1: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the cwDF in Traffic Environment I. 

Positive numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 DA = cwDF, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.65 -13.98 13.98 2.65 

CCP = 0.35 -20.67 -23.46 23.46 20.67 

CCP = 0.45 -0.66 -6.69 6.69 0.66 

CCP = 0.50 -0.34 -5.97 5.97 0.34 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -1.61 -7.55 7.55 1.61 

CCP = 0.35 -8.34 -13.05 13.05 8.34 

CCP = 0.45 120.3 9.92 -9.92 -120.3 

CCP = 0.50 7.68 -2.71 2.71 -7.68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -1.61 -7.55 7.55 1.61 

CCP = 0.35 308.57 21.27 -21.27 -308.57 

CCP = 0.45 138.39 12.18 -12.18 -138.39 

CCP = 0.50 11.37 -1.59 1.59 -11.37 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 369.19 21.06 -21.06 -369.19 

CCP = 0.35 -5.07 -1.71 1.71 5.07 

CCP = 0.45 -2.77 -1.43 1.43 2.77 

CCP = 0.50 -1.76 -1.32 1.32 1.76 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -0.61 -0.65 0.65 0.61 

CCP = 0.35 0.03 -0.57 0.57 -0.03 

CCP = 0.45 0.17 -0.67 0.67 -0.17 

CCP = 0.50 0.39 -0.8 0.8 -0.39 
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A. 2: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the cwDF in Traffic Environment II. 

Positive numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 DA = cwDF, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 -0.88 -6.53 6.53 0.88 

CCP = 0.65 -1.65 -6.63 6.63 1.65 

CCP = 0.75 -0.66 -6.16 6.16 0.66 

CCP = 0.85 -1.5 -7.27 7.27 1.5 

CCP = 0.95 -1.18 -7.03 7.03 1.18 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 10.75 -1.94 1.94 -10.75 

CCP = 0.65 7.46 -2.28 2.28 -7.46 

CCP = 0.75 8.41 -2.79 2.79 -8.41 

CCP = 0.85 8.28 -2.64 2.64 -8.28 

CCP = 0.95 -18.77 -3.36 3.36 18.77 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 -9.8 -2.34 2.34 9.8 

CCP = 0.65 -8.42 -2.18 2.18 8.42 

CCP = 0.75 -11.04 -2.54 2.54 11.04 

CCP = 0.85 -9.77 -2.58 2.58 9.77 

CCP = 0.95 -8.78 -2.39 2.39 8.78 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 -2.17 -1.29 1.29 2.17 

CCP = 0.65 -1.82 -1.4 1.4 1.82 

CCP = 0.75 -1.69 -1.38 1.38 1.69 

CCP = 0.85 -1.38 -1.31 1.31 1.38 

CCP = 0.95 -1.46 -1.2 1.2 1.46 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0.48 -0.85 0.85 0.48 

CCP = 0.65 0.35 -0.9 0.9 -0.35 

CCP = 0.75 0.57 -0.88 0.88 -0.57 

CCP = 0.85 0.7 -0.89 0.89 -0.7 

CCP = 0.95 0.43 -0.77 0.77 -0.43 
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A. 3: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the cDA in Traffic Environment I. 

Positive numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.50 

 DA = cDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -0.74 -7.12 7.12 0.74 

CCP = 0.35 -1.83 -7.4 7.4 1.83 

CCP = 0.45 32.21 -5.79 5.79 -32.21 

CCP = 0.50 3.19 -5.52 5.52 -3.19 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.64 -9.39 9.39 2.64 

CCP = 0.35 -2.26 -8.42 8.42 2.26 

CCP = 0.45 21.39 -5.96 5.96 -21.39 

CCP = 0.50 2.85 -5.51 5.51 -2.85 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.43 -9.1 9.1 2.43 

CCP = 0.35 -1.73 -8 8 1.73 

CCP = 0.45 21.12 -6.29 6.29 -21.12 

CCP = 0.50 3.02 -5.54 5.54 -3.02 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -1.65 -8.42 8.42 1.62 

CCP = 0.35 -0.96 -7.68 7.68 0.96 

CCP = 0.45 24.76 -0.95 0.95 -24.76 

CCP = 0.50 5.08 -5.45 5.45 -5.08 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -10.07 -6.58 6.58 10.07 

CCP = 0.35 -6.87 -5.68 5.68 6.87 

CCP = 0.45 -9.54 -6.62 6.62 9.54 

CCP = 0.50 -9.56 -5.8 5.8 9.56 
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A. 4: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the cDA in Traffic Environment II. 

Positive numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 DA = cDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 8.72 -5.11 5.11 -8.72 

CCP = 0.65 8.7 -4.99 4.99 -8.7 

CCP = 0.75 6.71 -4.97 4.97 -6.71 

CCP = 0.85 17.77 -4.68 4.68 -17.77 

CCP = 0.95 16.28 -4.32 4.32 -16.28 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 6.3 -5.33 5.33 6.3 

CCP = 0.65 6.4 -5.23 5.23 -6.4 

CCP = 0.75 4.28 -5.33 5.33 -4.28 

CCP = 0.85 12.2 -5.15 5.15 -12.2 

CCP = 0.95 10.96 -4.66 4.66 -10.96 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 6.92 -5.08 5.08 -6.92 

CCP = 0.65 8.16 -5.25 5.25 -8.16 

CCP = 0.75 5.33 -5.33 5.33 -5.33 

CCP = 0.85 15.04 -5.05 5.05 -15.04 

CCP = 0.95 12.81 -4.55 4.55 -12.81 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 15.3 -4.57 4.57 -15.3 

CCP = 0.65 12.48 -5.19 5.19 -12.48 

CCP = 0.75 9.3 -5.05 5.05 -9.3 

CCP = 0.85 18.95 -4.8 4.8 -18.95 

CCP = 0.95 16.53 -4.45 4.45 -16.53 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 -9.24 -5.46 5.46 9.24 

CCP = 0.65 -8.92 -5.22 5.22 8.92 

CCP = 0.75 -9.54 -5.33 5.33 9.54 

CCP = 0.85 -9.01 -5.63 5.63 9.01 

CCP = 0.95 -9.18 -5.29 5.29 9.18 
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A. 5: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the wDA in Traffic Environment I. 

Positive numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.50 

 DA = wDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.47 -7.74 7.74 2.47 

CCP = 0.35 -12.26 -18.36 18.36 12.26 

CCP = 0.45 47.16 267.11 -267.11 -47.16 

CCP = 0.50 64.86 537.69 -537.69 -64.86 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 0.63 -4.02 4.02 -0.63 

CCP = 0.35 -9.04 -17.04 17.04 9.04 

CCP = 0.45 19.48 99.23 -99.23 -19.48 

CCP = 0.50 28.25 209.87 -209.87 -28.25 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 1.59 -2.98 2.98 -1.59 

CCP = 0.35 -4.46 -10.47 10.47 4.46 

CCP = 0.45 2.47 -8.91 8.91 -2.47 

CCP = 0.50 4.45 -0.45 0.45 -4.45 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 1.24 -8.08 8.08 -1.24 

CCP = 0.35 -1.94 -4.19 4.19 1.94 

CCP = 0.45 4.81 -3.01 3.01 -4.81 

CCP = 0.50 5.36 7.36 -7.36 -5.36 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -0.01 0.01 -0.01 0.01 

CCP = 0.35 -0.11 0.11 -0.11 0.11 

CCP = 0.45 -0.09 0.09 -0.09 0.09 

CCP = 0.50 -0.11 0.11 -0.11 0.11 
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A. 6: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the wDA in Traffic Environment II. 

Positive numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 DA = wDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 66.9 519.74 -519.74 -66.9 

CCP = 0.65 73.13 513.16 -513.16 -73.13 

CCP = 0.75 76.21 503.59 -503.59 -76.21 

CCP = 0.85 72.04 504.51 -504.51 -72.04 

CCP = 0.95 66.86 483.82 -483.82 -66.86 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 29.37 210.25 -210.25 -29.37 

CCP = 0.65 27.51 182.84 -182.84 -27.51 

CCP = 0.75 31.69 192 -192 -31.69 

CCP = 0.85 27.48 189.27 -189.27 -27.48 

CCP = 0.95 26.05 167.11 -167.11 -26.05 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 3.9 -1.31 1.31 3.9 

CCP = 0.65 0.66 -21.22 21.22 -0.66 

CCP = 0.75 2.41 -11.33 11.33 -2.41 

CCP = 0.85 3.16 -6.44 6.44 -3.16 

CCP = 0.95 2.44 -20.81 20.81 -2.44 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 5.38 6.12 -6.12 -5.38 

CCP = 0.65 2.35 -17.5 17.5 -2.35 

CCP = 0.75 3.04 -9.91 9.91 -3.04 

CCP = 0.85 4.68 -5.83 5.83 4.68 

CCP = 0.95 4.54 -13.46 13.46 -4.54 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 -0.12 0.12 -0.12 0.12 

CCP = 0.65 -0.1 0.1 -0.1 0.1 

CCP = 0.75 -0.15 0.15 -0.15 0.15 

CCP = 0.85 -0.17 0.17 -0.17 0.17 

CCP = 0.95 -0.2 0.2 -0.2 0.2 
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A. 7: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the cwDA in Traffic Environment I. 

Positive numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.50 

 DA = cwDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -8.25 -19.24 19.24 8.25 

CCP = 0.35 -14.42 -23.39 23.39 14.42 

CCP = 0.45 43.35 262.26 -262.26 -43.35 

CCP = 0.50 60.25 531.15 -531.15 -60.25 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -4.84 -12.07 12.07 4.84 

CCP = 0.35 -9.13 -15.67 15.67 9.13 

CCP = 0.45 -0.29 -7.17 7.17 0.29 

CCP = 0.50 -2.78 -5.98 5.98 2.78 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -4.26 -10.28 10.28 4.26 

CCP = 0.35 -7.33 -13.4 13.4 7.33 

CCP = 0.45 -5.1 -8.07 8.07 5.1 

CCP = 0.50 -3.71 -6.24 6.24 3.71 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -4.67 -10.63 10.63 4.67 

CCP = 0.35 -6.52 -6.53 6.53 6.52 

CCP = 0.45 -4.95 -7.69 7.69 4.95 

CCP = 0.50 -8.68 -7.47 7.47 8.68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -10.27 -6.38 6.38 10.27 

CCP = 0.35 -8.33 -4.38 4.38 8.33 

CCP = 0.45 -10.03 -6.4 6.4 10.03 

CCP = 0.50 -9.78 -5.66 5.66 9.78 
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A. 8: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when agents use the cwDA in Traffic Environment II. 

Positive numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 DA = cwDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 62.18 514.65 -514.65 -62.18 

CCP = 0.65 67.94 500.61 -500.61 -67.94 

CCP = 0.75 69.77 482.39 -482.39 -69.77 

CCP = 0.85 59.09 440.99 -440.99 -59.09 

CCP = 0.95 61.26 476.51 -476.51 -61.26 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 -1.41 -6.25 6.25 1.41 

CCP = 0.65 -1.28 -6.14 6.14 1.28 

CCP = 0.75 -1.01 -5.67 5.67 1.01 

CCP = 0.85 -1.09 -6.73 6.73 1.09 

CCP = 0.95 -1.26 -6.5 6.5 1.26 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 -1.9 -5.5 5.5 1.9 

CCP = 0.65 -2.8 -5.5 5.5 2.8 

CCP = 0.75 -2.63 -5.53 5.53 2.63 

CCP = 0.85 -2.57 -5.94 5.94 2.57 

CCP = 0.95 -2.87 -5.8 5.8 2.87 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 -6.7 -5.35 5.35 6.7 

CCP = 0.65 -7.31 -5.93 5.93 7.31 

CCP = 0.75 -7.46 -6.45 6.45 7.46 

CCP = 0.85 -6.75 -6.65 6.65 6.75 

CCP = 0.95 -6.48 -6.62 6.62 6.48 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 -9.4 -5.39 5.39 9.4 

CCP = 0.65 -8.95 -5.19 5.19 8.95 

CCP = 0.75 -9.68 -5.24 5.24 9.68 

CCP = 0.85 -9.3 -5.5 5.5 9.3 

CCP = 0.95 -9.35 -5.3 5.3 9.35 
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A. 9: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when agents use the wcDA in Traffic Environment I. 

Positive numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.50 

 DA = wcDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.98 -11.1 11.1 2.98 

CCP = 0.35 -7.37 -13.45 13.45 7.37 

CCP = 0.45 4.87 -4.64 4.64 -4.87 

CCP = 0.50 5.03 -4.07 4.07 -5.03 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.98 -11.1 11.1 2.98 

CCP = 0.35 -7.37 -13.45 13.45 7.37 

CCP = 0.45 4.87 -4.64 4.64 -4.87 

CCP = 0.50 5.03 -4.07 4.07 -5.03 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.88 -15.28 15.28 2.88 

CCP = 0.35 -7.71 -18.38 18.38 7.71 

CCP = 0.45 25.36 0.48 -0.48 -25.36 

CCP = 0.50 14.87 -2.95 2.95 -14.87 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -2.26 -13.76 13.76 2.26 

CCP = 0.35 0.6 -17.98 17.98 -0.6 

CCP = 0.45 36.14 -1.19 1.19 -36.14 

CCP = 0.50 20.67 -2.6 2.6 -20.67 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 0.0 0.0 0.0 0.0 

CCP = 0.25 -10.27 -6.38 6.38 10.27 

CCP = 0.35 -8.33 -4.38 4.38 8.33 

CCP = 0.45 -10.03 -6.4 6.4 10.03 

CCP = 0.50 -9.78 -5.68 5.68 9.78 
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A. 10: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (KBT=1) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (KBT=0), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when agents use the wcDA in Traffic Environment II. 

Positive numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 DA = wcDA, RD = 1, HM = 0 

  𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(KBT=0) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=1) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(KBT=0) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 62.18 514.65 -514.65 -62.18 

CCP = 0.65 67.94 500.61 -500.61 -67.94 

CCP = 0.75 69.77 482.39 -482.39 -69.77 

CCP = 0.85 59.09 440.99 -440.99 -59.09 

CCP = 0.95 61.26 476.51 -476.51 -61.26 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 7.97 -4.08 4.08 -7.97 

CCP = 0.65 9.14 -2.84 2.84 -9.14 

CCP = 0.75 7.1 -3.8 3.8 -7.1 

CCP = 0.85 8.21 -4.27 4.27 -8.21 

CCP = 0.95 9.33 -2.99 2.99 -9.33 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 27.12 0.12 -0.12 -27.12 

CCP = 0.65 21.16 -0.84 0.84 -21.16 

CCP = 0.75 26.52 -0.18 0.18 -26.52 

CCP = 0.85 32.32 0.48 -048 -32.32 

CCP = 0.95 30.92 1.59 -1.59 -30.92 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 22.03 -0.08 0.08 -22.03 

CCP = 0.65 21.8 -1.44 1.44 -21.8 

CCP = 0.75 19.48 -2.32 2.32 -19.48 

CCP = 0.85 25.43 -0.2 0.2 -25.43 

CCP = 0.95 24.6 -0.67 0.67 -24.6 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 -9.4 -5.39 5.39 9.4 

CCP = 0.65 -8.95 -5.19 5.19 8.95 

CCP = 0.75 -9.68 -5.24 5.24 9.68 

CCP = 0.85 -9.3 -5.5 5.5 9.3 

CCP = 0.95 -9.35 -5.3 5.3 9.35 
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APPENDIX B 

B. 1: The 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment I. 

CCDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 634 0 4 6 6 

CCP = 0.25 519 -2 11 17 17 

CCP = 0.35 400 -20 32 37 37 

CCP = 0.45 246 -33 -2 2 2 

CCP = 0.50 103 -3 -4 1 1 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 635 -1 3 -155 1 

CCP = 0.25 515 4 14 -120 11 

CCP = 0.35 362 19 50 -64 30 

CCP = 0.45 41 183 203 142 202 

CCP = 0.50 31 69 68 46 69 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 635 0 4 -315 1 

CCP = 0.25 515 5 13 -249 11 

CCP = 0.35 45 337 350 156 345 

CCP = 0.45 23 201 221 101 196 

CCP = 0.50 18 82 81 34 70 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 634 1 5 -468 2 

CCP = 0.25 17 504 511 117 507 

CCP = 0.35 12 370 382 92 357 

CCP = 0.45 9 211 235 54 158 

CCP = 0.50 8 90 91 21 42 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 9 -2 9 9 

CCP = 0.25 7 10 0 10 10 

CCP = 0.35 7 12 0 12 12 

CCP = 0.45 6 10 1 11 11 

CCP = 0.50 6 10 1 10 10 
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B. 2: The 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment I. 

CCDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 634 0 4 6 6 

CCP = 0.25 516 0 11 12 12 

CCP = 0.35 379 -1 41 44 44 

CCP = 0.45 245 0 46 46 46 

CCP = 0.50 103 0 61 61 61 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 635 -1 3 -155 1 

CCP = 0.25 513 4 17 -123 10 

CCP = 0.35 354 25 49 -65 31 

CCP = 0.45 162 83 101 21 86 

CCP = 0.50 39 64 88 35 66 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 635 0 4 -315 1 

CCP = 0.25 513 5 17 -250 10 

CCP = 0.35 354 26 36 -161 29 

CCP = 0.45 162 83 84 -43 83 

CCP = 0.50 29 74 74 19 74 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 634 1 5 -468 2 

CCP = 0.25 386 133 144 -257 135 

CCP = 0.35 7 374 385 90 363 

CCP = 0.45 7 238 242 51 197 

CCP = 0.50 7 96 98 13 64 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 9 -2 9 9 

CCP = 0.25 7 0 0 0 0 

CCP = 0.35 7 5 0 4 4 

CCP = 0.45 7 0 0 0 0 

CCP = 0.50 7 0 0 0 0 



 

183 

 

B. 3: The 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment I. 

ICDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 9 -2 2 9 9 

CCP = 0.25 14 -7 7 19 19 

CCP = 0.35 27 -19 106 112 112 

CCP = 0.45 12 -2 1 6 6 

CCP = 0.50 8 0 -5 2 2 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 25 -17 -12 -12 -1 

CCP = 0.25 39 -29 -18 -22 4 

CCP = 0.35 41 -31 29 -20 9 

CCP = 0.45 7 4 7 4 33 

CCP = 0.50 5 3 -2 3 15 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 25 -16 -11 -14 3 

CCP = 0.25 39 -28 -20 -26 8 

CCP = 0.35 6 4 18 12 49 

CCP = 0.45 4 7 13 8 30 

CCP = 0.50 3 5 0 4 16 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 25 -15 -11 -15 5 

CCP = 0.25 3 9 21 9 44 

CCP = 0.35 2 8 25 11 49 

CCP = 0.45 2 10 29 12 23 

CCP = 0.50 2 6 5 6 9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 1 6 -1 6 6 

CCP = 0.25 1 6 -1 6 6 

CCP = 0.35 1 6 -1 6 6 

CCP = 0.45 1 6 -1 6 6 

CCP = 0.50 1 5 -1 5 5 
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B. 4: The 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment I. 

ICDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 9 -2 2 9 9 

CCP = 0.25 0 0 13 14 14 

CCP = 0.35 3 -2 111 112 112 

CCP = 0.45 5 0 276 276 276 

CCP = 0.50 2 0 539 539 539 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 25 -17 -12 -12 -1 

CCP = 0.25 32 -31 -15 -27 0 

CCP = 0.35 28 -27 25 -23 8 

CCP = 0.45 17 -12 96 -13 19 

CCP = 0.50 2 0 211 0 14 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 25 -16 -11 -14 3 

CCP = 0.25 32 -30 -16 -29 -1 

CCP = 0.35 28 -26 -14 -23 8 

CCP = 0.45 17 -12 -9 -13 18 

CCP = 0.50 1 1 2 0 15 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 25 -15 -11 -15 5 

CCP = 0.25 24 -21 -8 -22 9 

CCP = 0.35 0 3 22 6 33 

CCP = 0.45 0 5 28 6 24 

CCP = 0.50 0 2 14 0 9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 1 6 -1 6 6 

CCP = 0.25 0 0 0 0 0 

CCP = 0.35 0 1 0 3 3 

CCP = 0.45 0 0 0 0 0 

CCP = 0.50 0 0 0 0 0 
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B. 5: The 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment I. 

CWDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 100 2 -2 -9 -9 

CCP = 0.25 195 7 -7 -18 -18 

CCP = 0.35 277 18 -107 -113 -113 

CCP = 0.45 432 1 -2 -7 -7 

CCP = 0.50 578 0 5 -2 -2 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 84 17 12 12 1 

CCP = 0.25 170 29 19 23 -4 

CCP = 0.35 262 31 -29 20 -9 

CCP = 0.45 437 -5 -8 -5 -34 

CCP = 0.50 581 -3 2 -3 -15 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 84 16 11 14 -3 

CCP = 0.25 170 28 20 26 -7 

CCP = 0.35 297 -4 -18 -12 -48 

CCP = 0.45 439 -7 -13 -8 -30 

CCP = 0.50 583 -5 0 -4 -16 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 84 15 11 15 -5 

CCP = 0.25 207 -9 -22 -10 -45 

CCP = 0.35 301 -8 -24 -11 -49 

CCP = 0.45 441 -10 -28 -12 -23 

CCP = 0.50 584 -6 -5 -6 -9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 108 -6 1 -6 -6 

CCP = 0.25 209 -6 1 -6 -6 

CCP = 0.35 302 -6 1 -6 -6 

CCP = 0.45 442 -6 1 -6 -6 

CCP = 0.50 585 -5 1 -5 -5 
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B. 6: The 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment I. 

CWDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 100 2 -2 -9 -9 

CCP = 0.25 209 0 -13 -13 -13 

CCP = 0.35 300 2 -111 -112 -112 

CCP = 0.45 438 0 -275 -276 -276 

CCP = 0.50 584 0 -539 -539 -539 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 84 17 12 12 1 

CCP = 0.25 178 31 15 27 -1 

CCP = 0.35 275 27 -25 23 -8 

CCP = 0.45 427 11 -97 12 -20 

CCP = 0.50 584 0 -211 0 -14 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 84 16 11 14 -3 

CCP = 0.25 178 29 15 28 0 

CCP = 0.35 275 26 15 23 -8 

CCP = 0.45 427 11 8 12 -18 

CCP = 0.50 585 -1 -2 0 -15 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 84 15 11 15 -5 

CCP = 0.25 186 20 7 22 -10 

CCP = 0.35 303 -3 -22 -6 -33 

CCP = 0.45 443 -5 -27 -6 -24 

CCP = 0.50 586 -2 -14 0 -9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 108 -6 1 -6 -6 

CCP = 0.25 209 0 0 0 0 

CCP = 0.35 303 -1 0 -3 -3 

CCP = 0.45 443 0 0 0 0 

CCP = 0.50 586 0 0 0 0 
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B. 7: The 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment I. 

IWDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 12 0 -4 -6 -6 

CCP = 0.25 27 2 -11 -17 -17 

CCP = 0.35 52 20 -32 -38 -38 

CCP = 0.45 66 33 2 -2 -2 

CCP = 0.50 66 3 4 -1 -1 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 11 0 -4 155 -1 

CCP = 0.25 31 -5 -15 120 -12 

CCP = 0.35 89 -18 -49 65 -29 

CCP = 0.45 270 -182 -202 -142 -201 

CCP = 0.50 138 -69 -68 -46 -69 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 11 0 -4 315 -1 

CCP = 0.25 31 -6 -14 249 -11 

CCP = 0.35 406 -336 -349 -155 -345 

CCP = 0.45 288 -200 -220 -100 -196 

CCP = 0.50 151 -82 -81 -34 -70 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 12 -2 -5 468 -2 

CCP = 0.25 529 -504 -512 -118 -507 

CCP = 0.35 440 -370 -382 -92 -357 

CCP = 0.45 302 -211 -234 -53 -158 

CCP = 0.50 161 -90 -91 -21 -42 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 637 -9 2 -9 -9 

CCP = 0.25 538 -10 1 -10 -10 

CCP = 0.35 445 -12 0 -12 -12 

CCP = 0.45 305 -10 0 -10 -10 

CCP = 0.50 163 -10 -1 -11 -10 
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B. 8: The 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment I. 

IWDs 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 12 0 -4 -6 -6 

CCP = 0.25 29 0 -11 -11 -11 

CCP = 0.35 73 1 -41 -44 -44 

CCP = 0.45 67 0 -46 -46 -46 

CCP = 0.50 66 0 -61 -61 -61 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 11 0 -4 155 -1 

CCP = 0.25 32 -3 -16 123 -10 

CCP = 0.35 98 -25 -49 65 -31 

CCP = 0.45 150 -83 -101 -21 -86 

CCP = 0.50 130 -64 -88 -35 -66 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 11 0 -4 315 -1 

CCP = 0.25 32 -4 -16 252 -9 

CCP = 0.35 98 -26 -36 160 -29 

CCP = 0.45 150 -83 -84 43 -83 

CCP = 0.50 140 -74 -74 -19 -74 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 12 -2 -5 468 -2 

CCP = 0.25 159 -132 -143 257 -135 

CCP = 0.35 445 -374 -385 -90 -364 

CCP = 0.45 305 -238 -242 -52 -197 

CCP = 0.50 162 -96 -98 -13 -64 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 637 -9 2 -9 -9 

CCP = 0.25 539 0 0 0 0 

CCP = 0.35 445 -5 0 -4 -4 

CCP = 0.45 305 0 0 0 0 

CCP = 0.50 162 0 0 0 0 
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B. 9: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (cDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 0 in Traffic Environment I. Positive numbers are 

marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0 -2 2 0 

CCP = 0.25 -2 -7 7 2 

CCP = 0.35 -20 -19 18 20 

CCP = 0.45 -33 -2 1 33 

CCP = 0.50 -3 0 0 3 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 -1 -17 17 0 

CCP = 0.25 4 -29 29 -5 

CCP = 0.35 19 -31 31 -18 

CCP = 0.45 183 4 -5 -182 

CCP = 0.50 69 3 -3 -69 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0 -16 16 0 

CCP = 0.25 5 -28 28 -6 

CCP = 0.35 337 4 -4 -336 

CCP = 0.45 201 7 -7 -200 

CCP = 0.50 82 5 -5 -82 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 1 -15 15 -2 

CCP = 0.25 504 9 -9 -504 

CCP = 0.35 370 8 -8 -370 

CCP = 0.45 211 10 -10 -211 

CCP = 0.50 90 6 -6 -90 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 10 6 -6 -10 

CCP = 0.35 12 6 -6 -12 

CCP = 0.45 10 6 -6 -10 

CCP = 0.50 10 5 -5 -10 
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B. 10: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (cDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 1 in Traffic Environment I. Positive numbers are 

marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 0 -2 2 0 

CCP = 0.25 0 0 0 0 

CCP = 0.35 -1 -2 2 1 

CCP = 0.45 0 0 0 0 

CCP = 0.50 0 0 0 0 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 -1 -17 17 0 

CCP = 0.25 4 -31 31 -3 

CCP = 0.35 25 -27 27 -25 

CCP = 0.45 83 -12 11 -83 

CCP = 0.50 64 0 0 -64 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 0 -16 16 0 

CCP = 0.25 5 -30 29 -4 

CCP = 0.35 26 -26 26 -26 

CCP = 0.45 83 -12 11 -83 

CCP = 0.50 74 1 -1 -74 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 1 -15 15 -2 

CCP = 0.25 133 -21 20 -132 

CCP = 0.35 374 3 -3 -374 

CCP = 0.45 238 5 -5 -238 

CCP = 0.50 96 2 -2 -96 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 0 0 0 0 

CCP = 0.35 5 1 -1 -5 

CCP = 0.45 0 0 0 0 

CCP = 0.50 0 0 0 0 
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B. 11: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (wDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 0 in Traffic Environment I. Positive numbers are 

marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 4 2 -2 -4 

CCP = 0.25 11 7 -7 -11 

CCP = 0.35 32 106 -107 -32 

CCP = 0.45 -2 1 -2 2 

CCP = 0.50 -4 -5 5 4 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 3 -12 12 -4 

CCP = 0.25 14 -18 19 -15 

CCP = 0.35 50 29 -29 -49 

CCP = 0.45 203 7 -8 -202 

CCP = 0.50 68 -2 2 -68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 4 -11 11 -4 

CCP = 0.25 13 -20 20 -14 

CCP = 0.35 350 18 -18 -349 

CCP = 0.45 221 13 -13 -220 

CCP = 0.50 81 0 0 -81 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 5 -11 11 -5 

CCP = 0.25 511 21 -22 -512 

CCP = 0.35 382 25 -24 -382 

CCP = 0.45 235 29 -28 -234 

CCP = 0.50 91 5 -5 -91 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 -2 -1 1 2 

CCP = 0.25 0 -1 1 1 

CCP = 0.35 0 -1 1 0 

CCP = 0.45 1 -1 1 0 

CCP = 0.50 1 -1 1 -1 
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B. 12: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (wDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 1 in Traffic Environment I. Positive numbers are 

marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 4 2 -2 -4 

CCP = 0.25 11 13 -13 -11 

CCP = 0.35 41 111 -111 -41 

CCP = 0.45 46 276 -275 -46 

CCP = 0.50 61 539 -539 -61 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 3 -12 12 -4 

CCP = 0.25 17 -15 15 -16 

CCP = 0.35 49 25 -25 -49 

CCP = 0.45 101 96 -97 -101 

CCP = 0.50 88 211 -211 -88 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 4 -11 11 -4 

CCP = 0.25 17 -16 15 -16 

CCP = 0.35 36 -14 15 -36 

CCP = 0.45 84 -9 8 -84 

CCP = 0.50 74 2 -2 -74 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 5 -11 11 -5 

CCP = 0.25 144 -8 7 -143 

CCP = 0.35 385 22 -22 -385 

CCP = 0.45 242 28 -27 -242 

CCP = 0.50 98 14 -14 -98 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 -2 -1 1 2 

CCP = 0.25 0 0 0 0 

CCP = 0.35 0 0 0 0 

CCP = 0.45 0 0 0 0 

CCP = 0.50 0 0 0 0 
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B. 13: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (cwDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 0 in Traffic Environment I. Positive 

numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 6 9 -9 -6 

CCP = 0.25 17 19 -18 -17 

CCP = 0.35 37 112 -113 -38 

CCP = 0.45 2 6 -7 -2 

CCP = 0.50 1 2 -2 -1 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 -155 -12 12 155 

CCP = 0.25 -120 -22 23 120 

CCP = 0.35 -64 -20 20 65 

CCP = 0.45 142 4 -5 -142 

CCP = 0.50 46 3 -3 -46 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 -315 -14 14 315 

CCP = 0.25 -249 -26 26 249 

CCP = 0.35 156 12 -12 -155 

CCP = 0.45 101 8 -8 -100 

CCP = 0.50 34 4 -4 -34 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 -468 -15 15 468 

CCP = 0.25 117 9 -10 -118 

CCP = 0.35 92 11 -11 -92 

CCP = 0.45 54 12 -12 -53 

CCP = 0.50 21 6 -6 -21 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 10 6 -6 -10 

CCP = 0.35 12 6 -6 -12 

CCP = 0.45 11 6 -6 -10 

CCP = 0.50 10 5 -5 -11 
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B. 14: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (cwDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 1 in Traffic Environment I. Positive 

numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 6 9 -9 -6 

CCP = 0.25 12 14 -13 -11 

CCP = 0.35 44 112 -112 -44 

CCP = 0.45 46 276 -276 -46 

CCP = 0.50 61 539 -539 -61 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 -155 -12 12 155 

CCP = 0.25 -123 -27 27 123 

CCP = 0.35 -65 -23 23 65 

CCP = 0.45 21 -13 12 -21 

CCP = 0.50 35 0 0 -35 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 -315 -14 14 315 

CCP = 0.25 -250 -29 28 252 

CCP = 0.35 -161 -23 23 160 

CCP = 0.45 -43 -13 12 43 

CCP = 0.50 19 0 0 -19 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 -468 -15 15 468 

CCP = 0.25 -257 -22 22 257 

CCP = 0.35 90 6 -6 -90 

CCP = 0.45 51 6 -6 -52 

CCP = 0.50 13 0 0 -13 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 0 0 0 0 

CCP = 0.35 4 3 -3 -4 

CCP = 0.45 0 0 0 0 

CCP = 0.50 0 0 0 0 
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B. 15: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (wcDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 0 in Traffic Environment I. Positive 

numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 6 9 -9 -6 

CCP = 0.25 17 19 -18 -17 

CCP = 0.35 37 112 -113 -38 

CCP = 0.45 2 6 -7 -2 

CCP = 0.50 1 2 -2 -1 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 1 -1 1 -1 

CCP = 0.25 11 4 -4 -12 

CCP = 0.35 30 9 -9 -29 

CCP = 0.45 202 33 -34 -201 

CCP = 0.50 69 15 -15 -69 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 1 3 -3 -1 

CCP = 0.25 11 8 -7 -11 

CCP = 0.35 345 49 -48 -345 

CCP = 0.45 196 30 -30 -196 

CCP = 0.50 70 16 -16 -70 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 2 5 -5 -2 

CCP = 0.25 507 44 -45 -507 

CCP = 0.35 357 49 -49 -357 

CCP = 0.45 158 23 -23 -158 

CCP = 0.50 42 9 -9 -42 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 10 6 -6 -10 

CCP = 0.35 12 6 -6 -12 

CCP = 0.45 11 6 -6 -10 

CCP = 0.50 10 5 -5 -10 
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B. 16: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (wcDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 1 in Traffic Environment I. Positive 

numbers are marked in red colour. 

Traffic Environment I: CCP = 0.15, 0.25, 0.35, 0.45, 0.5 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.15 6 9 -9 -6 

CCP = 0.25 12 14 -13 -11 

CCP = 0.35 44 112 -112 -44 

CCP = 0.45 46 276 -276 -46 

CCP = 0.50 61 539 -539 -61 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.15 1 -1 1 -1 

CCP = 0.25 10 0 -1 -10 

CCP = 0.35 31 8 -8 -31 

CCP = 0.45 86 19 -20 -86 

CCP = 0.50 66 14 -14 -66 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.15 1 3 -3 -1 

CCP = 0.25 10 -1 0 -9 

CCP = 0.35 29 8 -8 -29 

CCP = 0.45 83 18 -18 -83 

CCP = 0.50 74 15 -15 -74 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.15 2 5 -5 -2 

CCP = 0.25 135 9 -10 -135 

CCP = 0.35 363 33 -33 -364 

CCP = 0.45 197 24 -24 -197 

CCP = 0.50 64 9 -9 -64 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.15 9 6 -6 -9 

CCP = 0.25 0 0 0 0 

CCP = 0.35 4 3 -3 -4 

CCP = 0.45 0 0 0 0 

CCP = 0.50 0 0 0 0 
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APPENDIX C 

C. 1: The 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment II. 

CCDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 104 -9 -2 3 3 

CCP = 0.65 104 -10 -1 4 4 

CCP = 0.75 102 -7 1 7 7 

CCP = 0.85 111 -19 -2 11 11 

CCP = 0.95 115 -17 0 6 6 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 33 64 67 44 65 

CCP = 0.65 26 70 77 51 69 

CCP = 0.75 28 69 73 47 68 

CCP = 0.85 27 70 82 55 77 

CCP = 0.95 26 77 88 59 81 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 16 81 84 34 61 

CCP = 0.65 15 79 87 35 66 

CCP = 0.75 18 78 82 32 56 

CCP = 0.85 16 79 91 38 61 

CCP = 0.95 15 86 97 41 67 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 9 79 91 18 40 

CCP = 0.65 8 82 94 20 34 

CCP = 0.75 8 84 92 20 35 

CCP = 0.85 8 83 99 21 35 

CCP = 0.95 8 90 103 22 37 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 6 10 1 10 10 

CCP = 0.65 6 10 1 10 10 

CCP = 0.75 6 10 1 10 10 

CCP = 0.85 6 10 1 10 10 

CCP = 0.95 6 10 1 10 10 



 

198 

 

C. 2: The 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment II. 

CCDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 103 0 66 66 66 

CCP = 0.65 102 0 74 74 74 

CCP = 0.75 102 0 77 77 77 

CCP = 0.85 110 0 71 71 71 

CCP = 0.95 114 0 68 68 68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 44 59 85 31 62 

CCP = 0.65 34 68 97 41 70 

CCP = 0.75 36 66 96 38 67 

CCP = 0.85 35 75 101 46 77 

CCP = 0.95 7 107 133 77 109 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 7 97 97 41 97 

CCP = 0.65 7 95 96 41 95 

CCP = 0.75 7 95 95 41 93 

CCP = 0.85 7 103 103 44 102 

CCP = 0.95 7 107 108 46 106 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 7 97 98 13 64 

CCP = 0.65 7 95 97 14 57 

CCP = 0.75 7 95 96 13 55 

CCP = 0.85 7 103 104 15 61 

CCP = 0.95 7 107 108 16 63 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 7 0 0 0 0 

CCP = 0.65 7 0 0 0 0 

CCP = 0.75 7 0 0 0 0 

CCP = 0.85 7 0 0 0 0 

CCP = 0.95 7 0 0 0 0 
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C. 3: The 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment II. 

ICDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 11 -2 12 17 17 

CCP = 0.65 10 -1 15 28 28 

CCP = 0.75 9 -1 27 49 49 

CCP = 0.85 11 -3 10 74 74 

CCP = 0.95 11 -3 30 37 37 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 4 5 2 5 17 

CCP = 0.65 4 5 27 5 18 

CCP = 0.75 4 5 16 4 16 

CCP = 0.85 4 5 17 6 20 

CCP = 0.95 4 5 32 5 20 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 3 6 3 4 14 

CCP = 0.65 3 6 22 4 16 

CCP = 0.75 3 5 12 4 13 

CCP = 0.85 3 6 8 5 15 

CCP = 0.95 3 6 23 5 16 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 2 7 6 4 8 

CCP = 0.65 2 7 27 5 8 

CCP = 0.75 2 6 18 5 7 

CCP = 0.85 2 6 14 5 8 

CCP = 0.95 2 6 23 5 8 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 1 5 -1 5 5 

CCP = 0.65 1 4 -1 5 5 

CCP = 0.75 1 5 -1 5 5 

CCP = 0.85 1 5 -1 5 5 

CCP = 0.95 1 4 -1 5 5 
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C. 4: The 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment II. 

ICDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 4 0 539 539 539 

CCP = 0.65 4 0 534 534 534 

CCP = 0.75 3 0 537 537 537 

CCP = 0.85 4 0 522 522 522 

CCP = 0.95 4 0 521 521 521 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 2 2 214 1 15 

CCP = 0.65 2 2 212 1 17 

CCP = 0.75 1 2 211 1 15 

CCP = 0.85 1 3 210 2 18 

CCP = 0.95 0 4 204 3 21 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 0 4 4 2 17 

CCP = 0.65 0 4 4 2 18 

CCP = 0.75 0 3 4 2 16 

CCP = 0.85 0 4 5 2 19 

CCP = 0.95 0 4 5 2 20 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 0 4 14 1 10 

CCP = 0.65 0 4 12 1 9 

CCP = 0.75 0 3 10 1 7 

CCP = 0.85 0 4 10 1 10 

CCP = 0.95 0 4 11 1 10 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0 0 0 0 0 

CCP = 0.65 0 0 0 0 0 

CCP = 0.75 0 0 0 0 0 

CCP = 0.85 0 0 0 0 0 

CCP = 0.95 0 0 0 0 0 
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C. 5: The 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment II. 

CWDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 572 1 -13 -18 -18 

CCP = 0.65 565 1 -15 -28 -28 

CCP = 0.75 564 1 -27 -49 -49 

CCP = 0.85 557 3 -10 -74 -74 

CCP = 0.95 557 2 -31 -38 -38 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 578 -5 -1 -5 -17 

CCP = 0.65 571 -5 -27 -5 -18 

CCP = 0.75 569 -5 -16 -4 -16 

CCP = 0.85 564 -5 -17 -6 -20 

CCP = 0.95 564 -5 -33 -6 -20 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 580 -7 -3 -5 -15 

CCP = 0.65 573 -7 -23 -5 -17 

CCP = 0.75 570 -6 -12 -4 -13 

CCP = 0.85 565 -6 -8 -5 -15 

CCP = 0.95 565 -6 -24 -5 -16 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 581 -7 -7 -5 -9 

CCP = 0.65 573 -7 -27 -5 -8 

CCP = 0.75 571 -6 -18 -5 -8 

CCP = 0.85 566 -6 -14 -5 -8 

CCP = 0.95 566 -7 -23 -6 -9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 581 -4 1 -4 -4 

CCP = 0.65 574 -4 1 -4 -4 

CCP = 0.75 571 -4 2 -4 -4 

CCP = 0.85 567 -5 1 -5 -5 

CCP = 0.95 566 -4 1 -4 -4 
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C. 6: The 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment II. 

CWDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 578 0 -539 -539 -539 

CCP = 0.65 571 0 -534 -534 -534 

CCP = 0.75 570 0 -537 -537 -537 

CCP = 0.85 564 0 -522 -522 -522 

CCP = 0.95 564 0 -521 -521 -521 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 580 -2 -214 -1 -15 

CCP = 0.65 573 -2 -211 -1 -17 

CCP = 0.75 571 -1 -210 -1 -15 

CCP = 0.85 567 -3 -210 -2 -18 

CCP = 0.95 567 -3 -203 -3 -20 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 582 -4 -4 -2 -17 

CCP = 0.65 575 -4 -4 -2 -18 

CCP = 0.75 572 -2 -3 -1 -15 

CCP = 0.85 568 -4 -5 -2 -19 

CCP = 0.95 567 -4 -5 -2 -20 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 582 -4 -14 -1 -10 

CCP = 0.65 575 -4 -11 -1 -9 

CCP = 0.75 572 -2 -10 0 -6 

CCP = 0.85 568 -4 -10 -1 -10 

CCP = 0.95 567 -4 -11 0 -9 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 582 0 0 0 0 

CCP = 0.65 575 0 0 0 0 

CCP = 0.75 572 1 1 0 0 

CCP = 0.85 568 0 0 0 0 

CCP = 0.95 567 0 0 0 0 
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C. 7: The 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 0 in Traffic 

Environment II. 

IWDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 68 10 3 -2 -2 

CCP = 0.65 76 10 1 -4 -4 

CCP = 0.75 80 7 -1 -7 -7 

CCP = 0.85 76 19 2 -11 -11 

CCP = 0.95 72 18 1 -5 -5 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 140 -64 -67 -44 -65 

CCP = 0.65 154 -70 -77 -51 -69 

CCP = 0.75 154 -69 -72 -47 -68 

CCP = 0.85 160 -70 -82 -55 -77 

CCP = 0.95 162 -77 -89 -59 -81 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 156 -80 -83 -33 -60 

CCP = 0.65 165 -79 -87 -36 -66 

CCP = 0.75 165 -79 -82 -33 -57 

CCP = 0.85 171 -79 -91 -38 -61 

CCP = 0.95 172 -86 -97 -41 -67 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 164 -80 -91 -18 -40 

CCP = 0.65 171 -81 -93 -19 -33 

CCP = 0.75 174 -84 -92 -20 -34 

CCP = 0.85 179 -83 -99 -21 -35 

CCP = 0.95 180 -90 -103 -22 -38 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 167 -10 -1 -10 -10 

CCP = 0.65 174 -10 -1 -10 -10 

CCP = 0.75 176 -10 -1 -10 -10 

CCP = 0.85 181 -10 -1 -10 -10 

CCP = 0.95 181 -9 0 -9 -9 
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C. 8: The 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) (cwDF) and the differences between the 𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) (𝑌) and the 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇)  (cwDF), where 𝑌 ∈ {𝑐𝐷𝐴, 𝑤𝐷𝐴, 𝑐𝑤𝐷𝐴, 𝑤𝑐𝐷𝐴} , when KBT = 1 in Traffic 

Environment II. 

IWDs 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 
𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷

(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 69 0 -65 -65 -65 

CCP = 0.65 78 0 -74 -74 -74 

CCP = 0.75 81 0 -78 -78 -78 

CCP = 0.85 77 0 -71 -71 -71 

CCP = 0.95 74 0 -68 -68 -68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 129 -60 -86 -32 -62 

CCP = 0.65 146 -68 -97 -42 -71 

CCP = 0.75 146 -65 -96 -38 -67 

CCP = 0.85 152 -75 -101 -46 -77 

CCP = 0.95 181 -107 -134 -77 -109 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 166 -97 -97 -41 -97 

CCP = 0.65 173 -95 -96 -41 -95 

CCP = 0.75 176 -95 -96 -41 -94 

CCP = 0.85 180 -103 -103 -44 -103 

CCP = 0.95 181 -107 -108 -47 -107 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 166 -97 -98 -14 -64 

CCP = 0.65 173 -95 -97 -14 -57 

CCP = 0.75 176 -95 -97 -14 -56 

CCP = 0.85 180 -103 -104 -15 -62 

CCP = 0.95 181 -107 -109 -17 -63 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 166 0 0 0 0 

CCP = 0.65 173 0 0 0 0 

CCP = 0.75 176 -1 -1 0 0 

CCP = 0.85 180 0 0 0 0 

CCP = 0.95 181 0 0 0 0 
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C. 9: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (cDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 0 in Traffic Environment II. Positive numbers are 

marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 -9 -2 1 10 

CCP = 0.65 -10 -1 1 10 

CCP = 0.75 -7 -1 1 7 

CCP = 0.85 -19 -3 3 19 

CCP = 0.95 -17 -3 2 18 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 64 5 -5 -64 

CCP = 0.65 70 5 -5 -70 

CCP = 0.75 69 5 -5 -69 

CCP = 0.85 70 5 -5 -70 

CCP = 0.95 77 5 -5 -77 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 81 6 -7 -80 

CCP = 0.65 79 6 -7 -79 

CCP = 0.75 78 5 -6 -79 

CCP = 0.85 79 6 -6 -79 

CCP = 0.95 86 6 -6 -86 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 79 7 -7 -80 

CCP = 0.65 82 7 -7 -81 

CCP = 0.75 84 6 -6 -84 

CCP = 0.85 83 6 -6 -83 

CCP = 0.95 90 6 -7 -90 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 10 5 -4 -10 

CCP = 0.65 10 4 -4 -10 

CCP = 0.75 10 5 -4 -10 

CCP = 0.85 10 5 -5 -10 

CCP = 0.95 10 4 -4 -9 
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C. 10: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (cDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 1 in Traffic Environment II. Positive numbers are 

marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 0 0 0 0 

CCP = 0.65 0 0 0 0 

CCP = 0.75 0 0 0 0 

CCP = 0.85 0 0 0 0 

CCP = 0.95 0 0 0 0 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 59 2 -2 -60 

CCP = 0.65 68 2 -2 -68 

CCP = 0.75 66 2 -1 -65 

CCP = 0.85 75 3 -3 -75 

CCP = 0.95 107 4 -3 -107 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 97 4 -4 -97 

CCP = 0.65 95 4 -4 -95 

CCP = 0.75 95 3 -2 -95 

CCP = 0.85 103 4 -4 -103 

CCP = 0.95 107 4 -4 -107 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 97 4 -4 -97 

CCP = 0.65 95 4 -4 -95 

CCP = 0.75 95 3 -2 -95 

CCP = 0.85 103 4 -4 -103 

CCP = 0.95 107 4 -4 -107 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0 0 0 0 

CCP = 0.65 0 0 0 0 

CCP = 0.75 0 0 1 -1 

CCP = 0.85 0 0 0 0 

CCP = 0.95 0 0 0 0 
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C. 11: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (wDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 0 in Traffic Environment II. Positive numbers are 

marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 -2 12 -13 3 

CCP = 0.65 -1 15 -15 1 

CCP = 0.75 1 27 -27 -1 

CCP = 0.85 -2 10 -10 2 

CCP = 0.95 0 30 -31 1 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 67 2 -1 -67 

CCP = 0.65 77 27 -27 -77 

CCP = 0.75 73 16 -16 -72 

CCP = 0.85 82 17 -17 -82 

CCP = 0.95 88 32 -33 -89 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 84 3 -3 -83 

CCP = 0.65 87 22 -23 -87 

CCP = 0.75 82 12 -12 -82 

CCP = 0.85 91 8 -8 -91 

CCP = 0.95 97 23 -24 -97 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 91 6 -7 -91 

CCP = 0.65 94 27 -27 -93 

CCP = 0.75 92 18 -18 -92 

CCP = 0.85 99 14 -14 -99 

CCP = 0.95 103 23 -23 -103 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 1 -1 1 -1 

CCP = 0.65 1 -1 1 -1 

CCP = 0.75 1 -1 2 -1 

CCP = 0.85 1 -1 1 -1 

CCP = 0.95 1 -1 1 0 
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C. 12: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇) (wDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇) (cwDF), where 

𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷}, when KBT = 1 in Traffic Environment II. Positive numbers are 

marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 66 539 -539 -65 

CCP = 0.65 74 534 -534 -74 

CCP = 0.75 77 537 -537 -78 

CCP = 0.85 71 522 -522 -71 

CCP = 0.95 68 521 -521 -68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 85 214 -214 -86 

CCP = 0.65 97 212 -211 -97 

CCP = 0.75 96 211 -210 -96 

CCP = 0.85 101 210 -210 -101 

CCP = 0.95 133 204 -203 -134 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 97 4 -4 -97 

CCP = 0.65 96 4 -4 -96 

CCP = 0.75 95 4 -3 -96 

CCP = 0.85 103 5 -5 -103 

CCP = 0.95 108 5 -5 -108 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 98 14 -14 -98 

CCP = 0.65 97 12 -11 -97 

CCP = 0.75 96 10 -10 -97 

CCP = 0.85 104 10 -10 -104 

CCP = 0.95 108 11 -11 -109 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0 0 0 0 

CCP = 0.65 0 0 0 0 

CCP = 0.75 0 0 1 -1 

CCP = 0.85 0 0 0 0 

CCP = 0.95 0 0 0 0 
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C. 13: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (cwDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 0 in Traffic Environment II. Positive 

numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 3 17 -18 -2 

CCP = 0.65 4 28 -28 -4 

CCP = 0.75 7 49 -49 -7 

CCP = 0.85 11 74 -74 -11 

CCP = 0.95 6 37 -38 -5 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 44 5 -5 -44 

CCP = 0.65 51 5 -5 -51 

CCP = 0.75 47 4 -4 -47 

CCP = 0.85 55 6 -6 -55 

CCP = 0.95 59 5 -6 -59 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 34 4 -5 -33 

CCP = 0.65 35 4 -5 -36 

CCP = 0.75 32 4 -4 -33 

CCP = 0.85 38 5 -5 -38 

CCP = 0.95 41 5 -5 -41 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 18 4 -5 -18 

CCP = 0.65 20 5 -5 -19 

CCP = 0.75 20 5 -5 -20 

CCP = 0.85 21 5 -5 -21 

CCP = 0.95 22 5 -6 -22 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 10 5 -4 -10 

CCP = 0.65 10 5 -4 -10 

CCP = 0.75 10 5 -4 -10 

CCP = 0.85 10 5 -5 -10 

CCP = 0.95 10 5 -4 -9 
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C. 14: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (cwDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 1 in Traffic Environment II. Positive 

numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 66 539 -539 -65 

CCP = 0.65 74 534 -534 -74 

CCP = 0.75 77 537 -537 -78 

CCP = 0.85 71 522 -522 -71 

CCP = 0.95 68 521 -521 -68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 31 1 -1 -32 

CCP = 0.65 41 1 -1 -42 

CCP = 0.75 38 1 -1 -38 

CCP = 0.85 46 2 -2 -46 

CCP = 0.95 77 3 -3 -77 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 41 2 -2 -41 

CCP = 0.65 41 2 -2 -41 

CCP = 0.75 41 2 -1 -41 

CCP = 0.85 44 2 -2 -44 

CCP = 0.95 46 2 -2 -47 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 13 1 -1 -14 

CCP = 0.65 14 1 -1 -14 

CCP = 0.75 13 1 0 -14 

CCP = 0.85 15 1 -1 -15 

CCP = 0.95 16 1 0 -17 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0 0 0 0 

CCP = 0.65 0 0 0 0 

CCP = 0.75 0 0 0 0 

CCP = 0.85 0 0 0 0 

CCP = 0.95 0 0 0 0 
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C. 15: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (wcDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 0 in Traffic Environment II. Positive 

numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 0, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 3 17 -18 -2 

CCP = 0.65 4 28 -28 -4 

CCP = 0.75 7 49 -49 -7 

CCP = 0.85 11 74 -74 -11 

CCP = 0.95 6 37 -38 -5 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 65 17 -17 -65 

CCP = 0.65 69 18 -18 -69 

CCP = 0.75 68 16 -16 -68 

CCP = 0.85 77 20 -20 -77 

CCP = 0.95 81 20 -20 -81 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 61 14 -15 -60 

CCP = 0.65 66 16 -17 -66 

CCP = 0.75 56 13 -13 -57 

CCP = 0.85 61 15 -15 -61 

CCP = 0.95 67 16 -16 -67 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 40 8 -9 -40 

CCP = 0.65 34 8 -8 -33 

CCP = 0.75 35 7 -8 -34 

CCP = 0.85 35 8 -8 -35 

CCP = 0.95 37 8 -9 -38 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 10 5 -4 -10 

CCP = 0.65 10 5 -4 -10 

CCP = 0.75 10 5 -4 -10 

CCP = 0.85 10 5 -5 -10 

CCP = 0.95 10 5 -4 -9 
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C. 16: The differences between the 𝑀𝑒𝑎𝑛𝑛𝑋
(𝑇)  (wcDA) and the 𝑀𝑒𝑎𝑛𝑛𝑋

(𝑇)  (cwDF), 

where 𝑋 ∈ {𝐶𝐶𝐷, 𝐼𝐶𝐷, 𝐶𝑊𝐷, 𝐼𝑊𝐷} , when KBT = 1 in Traffic Environment II. Positive 

numbers are marked in red colour. 

Traffic Environment II: CCP = 0.55, 0.65, 0.75, 0.85, 0.95 

 KBT = 1, RD = 1, HM = 0 

 

 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝐶𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐶𝑊𝐷
(𝑇) 

(cwDF) 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(wcDA) - 

𝑀𝑒𝑎𝑛𝑛𝐼𝑊𝐷
(𝑇) 

(cwDF) 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟎 

CCP = 0.55 66 539 -539 -65 

CCP = 0.65 74 534 -534 -74 

CCP = 0.75 77 537 -537 -78 

CCP = 0.85 71 522 -522 -71 

CCP = 0.95 68 521 -521 -68 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟐𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟐𝟓 

CCP = 0.55 62 15 -15 -62 

CCP = 0.65 70 17 -17 -71 

CCP = 0.75 67 15 -15 -67 

CCP = 0.85 77 18 -18 -77 

CCP = 0.95 109 21 -20 -109 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟓 

CCP = 0.55 97 17 -17 -97 

CCP = 0.65 95 18 -18 -95 

CCP = 0.75 93 16 -15 -94 

CCP = 0.85 102 19 -19 -103 

CCP = 0.95 106 20 -20 -107 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟎. 𝟕𝟓, 𝒗(𝑭𝒆𝒂𝒓) = 𝟎. 𝟕𝟓 

CCP = 0.55 64 10 -10 -64 

CCP = 0.65 57 9 -9 -57 

CCP = 0.75 55 7 -6 -56 

CCP = 0.85 61 10 -10 -62 

CCP = 0.95 63 10 -9 -63 

𝒗(𝑫𝒆𝒔𝒊𝒓𝒆) = 𝟏. 𝟎, 𝒗(𝑭𝒆𝒂𝒓) = 𝟏. 𝟎 

CCP = 0.55 0 0 0 0 

CCP = 0.65 0 0 0 0 

CCP = 0.75 0 0 0 0 

CCP = 0.85 0 0 0 0 

CCP = 0.95 0 0 0 0 
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