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Abstract 

In this dissertation, microscopic models for traffic flow characterization are studied. Based on 

the traffic flow evolution characteristics and aiming to characterize the traffic behavior 

accurately and realistically, this research focuses on developing realistic traffic flow models to 

improve traffic safety, efficiency, and pollution control. A traffic model based on driver 

response is introduced considering both driver reaction and sensitivity. Driver sensitivity 

includes typical, sluggish, or aggressive drivers. Then the pavement condition is investigated 

using the pavement condition index (PCI). The impact of fog on visibility is a major factor 

affecting traffic congestion and safety. Thus, the traffic behavior based on visibility during 

foggy weather is also investigated. In addition, the recent introduction of connected 

autonomous vehicles (CAVs) has had a significant impact on road networks. Therefore, a 

spring-mass based traffic model to evaluate human-driven vehicle (HV), autonomous vehicle 

(AV), and CAV behavior on a horizontal curve is proposed. Further, CAV behavior at 

bottlenecks considering cyberattacks is investigated. This dissertation also provides an energy 

consumption model considering driver energy-saving awareness. The performance of traffic 

models is presented and compared with the intelligent driver (ID) model, and traffic stability 

is analyzed. The results demonstrate the advantages of the proposed approach. 
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Chapter 1                                             

Introduction 

 

1.1 Motivation and Background 

In recent years, substantial consideration has been given to traffic modeling. This modeling 

involves the characterization and analysis of traffic behavior and has gained considerable 

importance due to the prevalence of traffic congestion. Congestion occurs when the volume of 

traffic is high relative to the capacity of the road, leading to traffic jams. It is anticipated that 

employing an accurate traffic model can improve the efficiency of traffic flow. The development 

of high traffic density along a road occurs due to accidents, slow-moving vehicles, and traffic 

control elements, leading to long traffic queues, delayed dissipation, and significant emissions. To 

mitigate these traffic problems, it is important to develop effective traffic forecasting and 

management strategies, utilizing realistic traffic flow predictions obtained from traffic flow models 

[1]–[3]. These models provide an accurate representation of traffic behavior, leading to improved 

utilization of road infrastructure, congestion alleviation, and reduction of traffic queues. In 

addition, these models help in the reduction of traffic delays, excessive fuel consumption, 

pollution, and safety problems [4]–[7].  

Autonomous vehicles (AVs) and connected autonomous vehicles (CAVs) have recently been 

introduced on highway networks. These vehicles are equipped with varying driver assistance 

systems ranging from basic cruise control to communication with other vehicles (V2V) or other 

systems (V2X) without human intervention [8], [9]. These vehicles have been engineered to 

improve safety, comfort, mobility, and environmental sustainability [10]. AVs navigate 

autonomously using sensors and communications without human involvement. They perform 

driving tasks based on sensor data and internal systems [11]. AVs respond in real time to received 

data and use intelligent software to ensure passenger safety, comfort, and operational efficiency 

[12]. Automated driving systems encompass both hardware, such as sensors, and software, such 

as trajectory planning systems. They assist drivers in dynamic driving tasks including monitoring 

the driving environment and controlling lateral and longitudinal motion [13].  
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CAVs are a promising technology to reduce traffic accidents and emissions, and improve 

traffic efficiency [14]. They navigate through the road network using sensors to observe the 

surrounding environment, control systems to make decisions, and actuators for operations such as 

steering and braking [11]. Advanced sensors such as LiDAR, millimeter-wave radar, and cameras 

allow CAVs to perceive their surroundings and identify objects such as pedestrians and traffic 

signals in real time [15]. Wireless communications technology such as 5G and Wi-Fi provide 

connectivity with nearby vehicles to improve safety and road capacity by adjusting the distance 

headway between vehicles [14], [16]. According to the Virginia Department of Transportation, 

highway capacity increases by approximately 28% and 92% for AVs and CAVs, respectively, 

compared to human-driven vehicles (HVs) [11]. It is anticipated that CAVs will define the future 

of transportation systems and 24 % to 87% of vehicles in the U.S. will be Level 4 (L4) autonomous 

by 2045 [17]. The adoption of CAVs will affect traffic behavior, thus, it is important to model 

these dynamics. This study proposes new traffic models that aim to accurately and realistically 

characterize the behavior of traffic to improve traffic conditions. 

Three types of models are employed for traffic flow characterization: microscopic, 

macroscopic, and mesoscopic. Microscopic models consider individual vehicle behavior and 

employ parameters such as vehicle position, velocity (speed), and time and distance headways 

[18]. They are used to predict vehicle dynamics and are often based on driver physical and 

psychological responses [19]. Macroscopic models, on the other hand, consider aggregate traffic 

behavior and are used to determine average density, velocity (speed), and flow [20]. Mesoscopic 

models take into account both individual and aggregate behavior [21] and typically employ 

probability distributions [19]. Hence, small groups of vehicles and their interactions are 

considered.  

Pipes [22] and Reuschel [23] were the first to introduce microscopic traffic models. Velocity 

(speed) was determined using the distance between following and leading vehicles. However, their 

models are simplistic and cannot adequately characterize traffic behavior [24]. Newell [25] 

proposed a model for vehicle behavior in dense traffic. Velocity (speed)  is based on the distance 

headway, so a larger distance headway results in a lower density and, hence, a greater velocity 

(speed). However, this relationship results in high acceleration, which is not realistic [26]. 

Moreover, this model neglects variations in driver behavior as a constant time headway is 

employed [27]. Bando et al. [28] improved the Newell model, but this results in unrealistic 
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characterization as the velocity (speed) differences are ignored, leading to unstable dynamics. 

Moreover, the acceleration can be very high when the velocity (speed) is far from the equilibrium 

distribution, and the density is not considered. It has been shown that this model leads to traffic 

accidents because of the small distances between vehicles. 

Helbing and Tilch [29] developed a model that considers the reaction to velocity (speed) 

differences and, thus, accurately characterizes the time headway and velocity (speed) during 

congestion. However, acceleration occurs over a short time, which is typical of an aggressive 

driver, so slow and average driver behavior is neglected. Gipps [30] proposed a model based on 

driver response to forward traffic with realistic acceleration. However, this model is only suitable 

for a small range of parameters. 

Treiber, Henneck, and Helbing [26] developed the intelligent driver (ID) model to overcome 

the drawbacks of previous models. It can provide realistic acceleration and deceleration and 

collision free behavior. With this model, driver behavior is based on the velocity (speed)  and 

distance headway of forward vehicles, and typical traffic parameters are employed [31]–[33]. 

However, the acceleration exponent 𝛿 in the ID model is a constant and so cannot characterize 

driver behavior under different traffic conditions. This leads to unrealistic behavior as it is not 

based on traffic physics. The ID model was modified in [34] for traffic at signalized intersections. 

However, a value of 𝛿 = 4 was employed, so real traffic conditions were neglected [35]. This 

constant was chosen as the best fit for general traffic environments. A similar approach was 

employed in [36] for deceleration at intersections. In this case, the distances between vehicles are 

very small even with a high velocity (speed), which is unrealistic. 

The ID model is employed for CAVs to improve traffic safety and passenger comfort [12], 

[37]. Li et al. [38] employed this model to characterize the car-following behavior of CAVs while 

Schakel et al. [39] proposed an improved ID model to explore CAV traffic stability. In this case, 

there is an abrupt decrease in velocity (speed)  when the density reaches half its maximum (critical 

density), which is unrealistic as the velocity (speed) should be smooth. A modified ID model was 

proposed in [40] to better characterize real traffic conditions. However, CAV behavior with this 

model is not realistic because under actual traffic conditions drivers take longer to achieve smooth 

car-following behavior and the variations in headway are greater [41]. The ID model has also been 

integrated into cooperative and Adaptive Cruise Control (ACC) systems [42], [43]. Unfortunately, 
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the safe distance with this model is too small when the velocity (speed)  is high which can result 

in accidents when employed in ACC and related systems. 

Following a comprehensive examination of the subject area it was determined that model 

improvements are still needed. The most important is adjusting the traffic flow based on the 

predicted traffic conditions. In this study, traffic is examined to characterize the behavior 

accurately and realistically. In addition, CAV behavior is investigated to promote safe, efficient, 

and environmentally sustainable transportation systems. In particular, the effect of weather and 

pavement conditions, AVs, CAVs, and HVs on highways, CAVs at bottlenecks, cyberattacks, driver 

awareness of energy consumption, and driver reaction and sensitivity will be assessed. 

To evaluate the performance, the Euler technique is used to discretize the traffic models. This 

technique is presented in Section 1.2. Further, to better understand the traffic congestion 

mechanism, a stability analysis of traffic models is performed. A brief introduction to traffic 

stability is given in Section 1.3.  

1.2 The Euler Technique 

The Euler technique is used to evaluate traffic models. It is a simple but effective method to solve 

systems of differential equations and is widely used in traffic simulators. This technique divides 

time into discrete steps and the vehicle position, speed, and acceleration are approximated using 

the model at each time step. The change in distance with respect to time results in a change in 

speed given by 

 𝑑𝑆

𝑑𝑡
= 𝑣, (1.1) 

and the temporal change in speed leads to changes in acceleration given by 

 𝑑𝑣

𝑑𝑡
= 𝑎. (1.2) 

For the Euler technique, the position and speed for the traffic models is 

 𝑆𝐹
𝑥+1 = 𝑆𝐹

𝑥 + Δ𝑡 × 𝑣𝐹
𝑥 (1.3) 

                                  𝑣𝐹
𝑥+1 = 𝑣𝐹

𝑥 + Δ𝑡 × 𝑎𝐹
𝑥        (1.4) 

where 𝑥 is the current time step and 𝑥 + 1 is the next time step. 𝑆𝐹
𝑥, 𝑣𝐹

𝑥, and 𝑎𝐹
𝑥 are the position, 

speed, and acceleration, respectively, of the following vehicle in the xth time interval where 
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 𝑡 = 𝑥Δ𝑡  (1.5) 

and Δ𝑡 is the duration of a time step.                           

1.3 Traffic Stability  

A traffic model is unstable if the traffic flow amplifies disturbances, whereas it is stable if these 

disturbances dissipate and the flow becomes smooth [44], [45]. For traffic flows, two types of 

stability are of particular interest, local stability and string stability. In local stability, perturbations 

grow both in amplitude and number of affected vehicles and become permanent. This means if 

local instability occurs, the traffic flow will not return to its original, unperturbed state, and this 

form of instability is undesirable [46]. 

String stability refers to disturbances that might grow but all vehicles eventually return to their 

original undisturbed state. This type of stability is related to stop-and-go waves. That is, if a model 

is string unstable, disturbances will grow and after it has passed several cars, a nonlinear effect 

will take over resulting in stop-and-go waves [46].  

Stop-and-go traffic refers to repeated acceleration and deceleration causing traffic to come to 

a stop and then start again, resulting in congestion [46]. This is because when a driver accelerates, 

they increase the density of upstream vehicles, leading to slower speeds downstream. Similarly, 

when a driver brakes or decelerates suddenly, they cause a disturbance that propagates upstream, 

leading to stop-and-go waves [46]. In this dissertation, the string stability of traffic models is 

assessed. 

1.4 Dissertation Organization 

This chapter introduced intelligent microscopic models for traffic flow characterization. The 

remaining chapters of the dissertation are structured as follows. 

Chapter 2  

In this chapter, a new microscopic traffic model is proposed that characterizes driver 

response according to reaction and sensitivity. Driver response in the ID model is based on 

a fixed acceleration exponent and so does not follow traffic physics. This inadequate 

characterization results in unrealistic traffic behavior. With the proposed model, drivers can 

be aggressive, sluggish, or typical. It is shown that the proposed model has better stability 

and characterizes traffic more realistically than the ID model. 
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Chapter 3  

In this chapter, a traffic flow model is developed that incorporates vehicle vibrations due to 

pavement condition. The ID model employs a fixed exponent, so traffic behavior is the same 

regardless of the road condition. Thus, it ignores the underlying physics. To address this 

limitation, the proposed model employs the pavement condition index (PCI) in describing 

traffic behavior. The results show that the performance of the proposed model varies with 

the PCI, as expected, and aligns more closely with reality. Thus, the traffic behavior is more 

accurate than with the ID model. 

Chapter 4  

The impact of fog on visibility is a major factor affecting traffic congestion and safety. This 

chapter proposes a microscopic traffic model that captures the features of traffic in foggy 

weather and characterizes it based on visibility. The proposed model is evaluated on a 

circular road and compared to the ID model. It is shown that the proposed model 

characterizes traffic realistically with lower acceleration and deceleration. A stability 

analysis is performed showing that the proposed model does not create stop-and-go waves 

and is stable even during foggy weather.  

Chapter 5 

Highway geometry plays a crucial role in maintaining traffic safety and operational 

efficiency. In this chapter, a traffic model is developed from a spring-mass system theory 

perspective to investigate traffic dynamics on horizontal highway curves. By utilizing a 

spring-mass system analogy, the proposed model provides a more accurate and realistic 

representation of traffic. This model is used to evaluate the behavior of HVs, AVs, and CAVs 

over a circular road. It is shown that CAVs perform better than HVs and AVs on horizontal 

curves, leading to a better understanding of safety and efficiency in horizontal road 

segments. Further, it is shown that the proposed model outperforms the ID model. 
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Chapter 6  

Bottlenecks reduce both traffic safety and efficiency, resulting in congestion and collisions. 

The introduction of CAVs has had a significant impact on road networks and can improve 

traffic efficiency at bottlenecks. This chapter proposes a microscopic traffic model to 

investigate CAV behavior at bottlenecks and examine the effect of cyberattacks. The 

proposed model is evaluated on a circular road and compared to the ID model. The results 

indicate that the proposed model improves traffic capacity and efficiency. Further, it can 

realistically characterize CAV behavior under cyberattacks and can effectively manage the 

corresponding disruptions. 

Chapter 7  

Road traffic significantly impacts global energy consumption and emissions, both of which 

contribute to climate change. Thus, energy conservation and emission reduction in road 

transportation are critical concerns, and traffic flow modeling is key to evaluating and 

improving these metrics. Therefore, this chapter provides a microscopic traffic model to 

characterize energy consumption reflecting driver energy-saving awareness. The results 

demonstrate that energy consumption with the proposed model decreases as driver energy-

saving awareness increases. Furthermore, the proposed model performs well when compared 

to the ID model.  

Chapter 8 

This chapter concludes the dissertation, providing a brief description of the contributions 

and possible future extensions. 
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Chapter 2                                                                 

A Traffic Model Considering Driver Reaction 

and Sensitivity                                                                              

 

This chapter considers driver reaction and sensitivity to characterize traffic behavior. During 

congestion, stop-and-go waves cause drivers to vary their speed which creates poor traffic 

dynamics [47], [48]. The distance between vehicles and time headway affects driver response and 

can result in significant variations in traffic flow. Time headway 𝜏 is the time required to align to 

forward traffic conditions, and the distance headway is traversed during this time [49]. Traffic 

alignment is the adjustment in velocity when a forward change in traffic occurs. A driver responds 

slowly with a large distance headway and quickly with a small distance headway [20]. Further, 

driver response is affected by sensitivity which is proportional to the change in velocity (speed)  

[20]. Since driver response is not the same for all traffic conditions, it should be considered in a 

model for accurate and realistic traffic characterization. 

A microscopic traffic model is proposed here which models the acceleration exponent in the 

ID model [26] using driver reaction and sensitivity. Driver sensitivity is the reaction to changes in 

velocity (speed)  and can be typical, sluggish, or aggressive. This variable exponent provides better 

stability and is more realistic than the fixed exponent in the ID model. This is because it is based 

on real traffic parameters. The performance of the proposed and ID models is evaluated on a single-

lane circular road of length 1200 m. A platoon of 21 vehicles is considered for 150 s.  

The remainder of this chapter is organized as follows. The proposed and ID models are 

discussed in Section 2.1. Section 2.2 presents the traffic stability. The performance of these models 

is investigated in Section 2.3. Finally, Section 2.4 gives some concluding remarks. 

2.1 Traffic Models  

The ID model characterizes vehicle movement and is given by [26] 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

), (2.1) 
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where 𝑎𝑚𝑎𝑥 is the maximum acceleration, 𝑣 is the vehicle velocity (speed), 𝑣𝑚𝑎𝑥 is the maximum 

velocity (desired speed) on the road, 𝑠 is the distance headway between vehicles, and 𝛿 is the 

acceleration exponent. This exponent is a constant chosen to fit traffic behavior and is not based 

on traffic dynamics. According to (2.1), acceleration is a function of driver response, the distance 

between vehicles, and the time needed to adapt to traffic conditions. Driver response is affected by 

the ratio of velocity (speed) to maximum velocity (desired speed). For a smooth flow with little 

acceleration, this ratio approaches 1 so the velocity (speed) is near maximum. The term 𝐷 

represents the desired distance headway during traffic alignment and can be expressed as [26] 

 
𝐷 =  𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏
 (2.2) 

where 𝑏 is the minimum acceleration (deceleration), 𝑠𝑗 is the jam spacing as shown in Figure 2.1, 

which is the smallest possible distance between vehicles at maximum density, 𝜏 is the time 

headway, and ∆𝑣 is the difference in velocity (speed). In this model, driver response to changes in 

traffic conditions is described by the fixed exponent 𝛿, so vehicle behavior is the same for all 

scenarios, which is unrealistic. Therefore, a model is proposed that characterizes driver response 

using a variable exponent that is based on traffic physics. 

 

Figure 2.1  The distance and time headways between leading and following vehicles. 

A driver reacts based on the acceleration required to align to forward vehicles. This depends 

on the time headway between vehicles, so a large time headway results in a slow reaction. 

Conversely, the driver reaction is quick for a small time headway and the acceleration is large. 

Thus, driver reaction during alignment can be characterized as 
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 𝑉𝑡 = 𝑎𝜏, (2.3) 

However, the ratio of distance headway 𝑠 to desired distance headway 𝐷 influences this reaction, 

so (2.3) is modified to 

 𝑉𝑟 = 𝑎𝜏 (
𝑠

𝐷
) (2.4) 

The value of 
𝑠

𝐷
 varies between 0 and 1. When 

𝑠

𝐷
= 0, the driver response is 0 so there is no change 

in velocity (speed). In this case, the density is maximum, i.e., during congestion when there is no 

vehicle movement. When 
𝑠

𝐷
= 1, the change in velocity (speed) is large so the traffic flow is 

smooth, and the maximum speed is achieved. 

Driver sensitivity plays a significant role in the driver response. The safe time headway is 

defined as 

 𝜏𝑠 = 𝜏𝑝 + 𝜏𝑟 + 𝜏  (2.5) 

where 𝜏𝑝 is the time required to perceive changes in traffic, 𝜏𝑟 is the time required to react and 𝜏 

is the time required to cover the distance headway. The safe time headway is required to cover the 

distance headway safely and avoid accidents. Driver response is fast when the time headway is 

smaller than the safe time headway. In heterogeneous traffic, vehicles frequently change lanes to 

occupy any forward distance, so vehicles align quickly to avoid lane changes by other vehicles. 

This reduces the distance headway and time headway, and is a major cause of stop-and-go traffic. 

When the time headway is greater than the safe time headway, traffic flow is smooth, and the 

distance headway can increase. In this case, lane changes do not reduce the time headway and 

driver response is slow. 

Driver sensitivity can be expressed as 
𝜏

𝜏𝑠
.  A driver is aggressive when  

𝜏

𝜏𝑠
< 1 and cautious 

when 
𝜏

𝜏𝑠
> 1. For a typical driver,  

𝜏

𝜏𝑠
= 1. Therefore, the driver response from (2.4) can be 

expressed as 

 𝑎𝜏 (
𝑠

𝐷
) (

𝜏

𝜏𝑠
) (2.6) 

The proposed model is obtained by replacing 𝛿 in (2.1) with (2.6) giving 
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 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝑎𝜏(
𝑠
𝐷

)(
𝜏
𝜏𝑠

)

− (
𝐷

𝑠
)

2

). (2.7) 

The traffic density is given by 𝜌 =
1

𝑠𝑒
 [47] where 𝑠𝑒 is the equilibrium distance headway. At 

equilibrium, changes in velocity (speed) are negligible, that is, ∆𝑣 = 0. Incorporating this 

equilibrium condition in (2.2) and substituting (2.1) gives 𝑠𝑒 for the ID model [26] as  

 

𝑠𝑒 = (𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝛿

)

−
1
2

 (2.8) 

For the proposed model, substituting 𝛿 with (2.6) in (2.8) gives 

 

𝑠𝑒 = (𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝑎𝜏(
𝑠
𝐷

)(
𝜏
𝜏𝑠

)

)

−
1
2

 (2.9) 

According to (2.8), the equilibrium distance headway between vehicles with the ID model is the 

same for all the traffic conditions because 𝛿 is a constant chosen as a compromise to fit all 

scenarios. Conversely, (2.9) is based on the distance and time headways and so is not a constant. 

Thus, changes in equilibrium distance headway are affected by driver sensitivity and reaction. 

The traffic flow is the product of velocity (speed) and density 𝑄 =
𝑣

𝑠𝑒
 [31] so the ID model 

flow is 

 
𝑄 =

1

(𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝛿
)

−
1
2

 

    

𝑣, 
(2.10) 

while the proposed model flow is  

 
𝑄 =

1

(𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝑎𝜏(
𝑠
𝐷

)(
𝜏
𝜏𝑠

)

)

−
1
2

 

    

𝑣, 
(2.11) 

This indicates that the traffic flow with the proposed model is based on driver reaction and 

sensitivity. A smaller distance headway results in faster driver response as there are significant 

interactions between the vehicles, i.e., during congestion [20], so the flow is low. Conversely, with 

a large distance headway driver response is slow and there are few interactions between the 
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vehicles so the flow is high [20]. Further, a higher sensitivity results in larger changes in traffic 

flow. 

2.2 Traffic Stability 

In this section, the theoretical and numerical stability of the ID and proposed models are evaluated. 

2.2.1 Theoretical Traffic Stability 

The stability of both the ID and proposed models is analyzed over an infinite road. The driver 

response and vehicles are assumed identical and the equilibrium distance headway 𝑠𝑒 is maintained 

between all vehicles [50]. Thus, drivers align to forward conditions with little acceleration and 

only small changes in equilibrium velocity (speed)  𝑣𝑒(𝑠𝑒) occur. The changes in distance headway 

𝑥 are therefore small as are the changes in velocity (speed)  𝑦. The distance headway during a 

change in velocity (speed) is then 

 𝑠 = 𝑠𝑒 + 𝑥,       (2.12) 

and the corresponding velocity (speed) is 

 𝑣 = 𝑣𝑒(𝑠𝑒) + 𝑦.       (2.13) 

During traffic alignment over the distance headway, the temporal change in velocity (speed) [51] 

is 

 
𝑥(𝑡) =

𝑑𝑥

𝑑𝑡
= 𝑦𝑙 − 𝑦𝐹       (2.14) 

where the subscripts 𝑙 and 𝐹 denote the leading and following vehicles, respectively. The changes 

in headway are small as the changes in 𝑣𝑒(𝑠𝑒) are small, so 𝑦(𝑡) during alignment can be expressed 

as [50] 

 
𝑦(𝑡) =

𝑑𝑦

𝑑𝑡
= 𝑓𝑠𝑥𝐹 + (𝑓𝑣 + 𝑓∆𝑣)𝑦𝐹 − 𝑓∆𝑣𝑦𝑙 ,       (2.15) 

where 𝑓∆𝑣 is the partial derivative with respect to the change in velocity (speed), 𝑓𝑣 is the partial 

derivative with respect to velocity (speed), and 𝑓𝑠  is the partial derivative with respect to distance 

headway, and are given by 

 𝑓𝑠 =
𝜕𝑓

𝜕𝑠
 , 𝑓𝑣 =

𝜕𝑓

𝜕𝑣
 , and 𝑓∆𝑣 =

𝜕𝑓

𝜕∆𝑣
.  

Equations (2.14) and (2.15) are solved using Fourier-Ansatz as 

 𝑥(𝑡) = 𝑥̂𝑒𝛾𝑡+𝑖𝑘,       (2.16) 
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 𝑦(𝑡) = 𝑦̂𝑒𝛾𝑡+𝑖𝑘,       (2.17) 

so (2.16) and (2.17) take the form 

 
(

𝑥(𝑡)

𝑦(𝑡)
) = (

𝑥̂
𝑦̂

) 𝑒𝛾𝑡+𝑖𝑘,       (2.18) 

where 𝛾 = 𝛼 + 𝑖𝜔 is the change in traffic oscillations during alignment and 𝑖 = √−1. The real 

part 𝛼 denotes the change in amplitude, 𝜔 =
2𝜋

𝑇
 is the oscillation frequency, 𝑇 is the oscillation 

period, 𝑘 is the phase shift that corresponds to the delay experienced by a driver [50], and 𝑦̂ and 𝑥̂ 

are the changes in velocity (speed) and distance headway, respectively. 

Substituting (2.18) in (2.14) and (2.15) gives 

 𝑥(𝑡) = 𝑦 − 𝑦𝑒𝑖𝑘,       (2.19) 

 𝑦(𝑡) = 𝑓𝑠𝑥𝑒𝑖𝑘 + (𝑓𝑣 + 𝑓∆𝑣)𝑦𝑒𝑖𝑘 − 𝑓∆𝑣𝑦.       (2.20) 

The model is stable if the real parts of the eigenvalues are negative. The eigenvalues are obtained 

from 

 |𝐽 − (
𝜆 0
0 𝜆

)| = 0,       (2.21) 

where 𝐽 is the Jacobian matrix given by 

 
𝐽 = (

𝑗11 𝑗12

𝑗21 𝑗22
)  

and 𝑗11 and 𝑗21 are the partial differentials of (2.19) and (2.20) w.r.t. 𝑥 and 𝑗12 and 𝑗22 the partial 

differentials of (2.19) and (2.20) w.r.t 𝑦 so that 

 
𝐽 = 𝑒𝑖𝑘 (

0 𝑒−𝑖𝑘 − 1
𝑓𝑠 (𝑓𝑣 + 𝑓∆𝑣) − 𝑓∆𝑣𝑒−𝑖𝑘)       (2.22) 

Then substituting (2.22) in (2.21) we have 

 
|

𝜆 1 − 𝑒−𝑖𝑘

−𝑓𝑠 𝜆 − 𝑓𝑣 − 𝑓∆𝑣 + 𝑓∆𝑣𝑒−𝑖𝑘| = 0,       (2.23) 

which gives 

 𝜆2 + (−𝑓𝑣 − 𝑓∆𝑣 + 𝑓∆𝑣𝑒−𝑖𝑘)𝜆 + 𝑓𝑠(1 − 𝑒−𝑖𝑘) = 0.       (2.24) 

Let 𝑋(𝑘) = −𝑓𝑣 − 𝑓∆𝑣 + 𝑓∆𝑣𝑒−𝑖𝑘 and 𝑌(𝑘) = 𝑓𝑠(1 − 𝑒−𝑖𝑘) in (4.24) so that 

 𝜆2 + 𝑋(𝑘)𝜆 + 𝑌(𝑘) = 0.       (2.25) 
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The eigenvalues from (2.25) are 

 

𝜆1,2 = −
𝑋(𝑘)

2
( 1 ± √1 −

4𝑌(𝑘)

𝑋2(𝑘)
),       (2.26) 

The model is string stable [50] if the real parts of the eigenvalues are negative. In this case, vehicles 

maintain the distance headway and changes in the equilibrium velocity (speed) are small [52]. 

Then the oscillations in flow decay over time so it is stable (smooth). A model is unstable if the 

flow increases over time. An example is stop-and-go traffic which occurs during congestion. In 

this case, acceleration is high whereas in string stable traffic acceleration is low [47]. In unstable 

traffic, 𝑘 → 0 so there is a negligible delay between changes in flow (traffic waves) [50]. Using 

Taylor series, 𝑌(𝑘) and 𝑋(𝑘) can be approximated for a small delay, i.e., 𝑘 → 0, as 

 𝑋(𝑘) = −𝑓𝑣 − 𝑖𝑓∆𝑣𝑘,       (2.27) 

 
𝑌(𝑘) = 𝑖𝑓𝑠𝑘 +

𝑓𝑠

2
𝑘2.       (2.28) 

At equilibrium [50] 

 𝑓𝑠 = −𝑣𝑒
′(𝑠𝑒)𝑓𝑣.       (2.29) 

where 𝑣𝑒
′(𝑠𝑒) is the gradient of the equilibrium velocity (speed) with respect to the equilibrium 

distance headway. Substituting (2.29) in (2.28) gives 

 
𝑌(𝑘) = −𝑖𝑣𝑒

′(𝑠𝑒)𝑓𝑣 −
𝑣𝑒

′(𝑠𝑒)

2
𝑓𝑣       (2.30) 

Let 

 𝑋(𝑘) = 𝑎1 + 𝑎2𝑘, 

𝑌(𝑘) = 𝑏1𝑘 + 𝑏2𝑘2, 
      (2.31) 

where 

 𝑎1 = −𝑓𝑣, 

𝑎2 = −𝑖𝑓∆𝑣, 

𝑏1 = −𝑖𝑣𝑒
′(𝑠𝑒)𝑓𝑣 = 𝑖𝑣𝑒

′(𝑠𝑒)𝑎1, 

𝑏2 = −
𝑣𝑒

′(𝑠𝑒)

2
𝑓𝑣 =

𝑣𝑒
′(𝑠𝑒)

2
𝑎1. 

      (2.32) 

Employing a Taylor series approximation, the square root in (2.26) becomes 
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√1 −
4𝑌(𝑘)

𝑋2(𝑘)
= 1 −

2𝑌(𝑘)

𝑋2(𝑘)
−

2𝑌2(𝑘)

𝑋4(𝑘)
.       (2.33) 

which results in  

 
𝜆2 =

−𝑌(𝑘)𝑋2(𝑘) − 𝑌2(𝑘)

𝑋3(𝑘)
.       (2.34) 

and from (2.31)  

 
𝜆2 = −

𝑏1

𝑎1
𝑘 + (

𝑏1𝑎2

𝑎1
2 −

𝑏2

𝑎1
−

𝑏1
2

𝑎1
3) 𝑘2.       (2.35) 

Now using (2.32) we obtain 

 
𝜆2 = −𝑖𝑣𝑒

′(𝑠𝑒)𝑘 +
𝑣𝑒

′(𝑠𝑒)

𝑓𝑣
[
−2𝑓∆𝑣 − 𝑓𝑣

2
−𝑣𝑒

′(𝑠𝑒)] 𝑘2.       (2.36) 

The real part of (2.36) denotes the change in amplitude of the traffic oscillations (growth rate). The 

traffic flow is string stable if this is negative. Since 

 𝑣𝑒
′(𝑠𝑒)  ≥ 0 and 𝑓𝑣 < 0,       (2.37) 

[
−2𝑓∆𝑣−𝑓𝑣

2
− 𝑣𝑒

′(𝑠𝑒)] is the string stability criterion [53], i.e. 

 𝑣𝑒
′(𝑠𝑒) ≤ −

𝑓𝑣

2
− 𝑓∆𝑣.       (2.38) 

From (2.37) and (2.38), the product of [−
2𝑓∆𝑣−𝑓𝑣

2
− 𝑣𝑒

′(𝑠𝑒)] and 
𝑣𝑒

′ (𝑠𝑒)

𝑓𝑣
 indicates that 𝜆2 has a 

negative real part. 

At equilibrium, 𝑓𝑣 and 𝑓∆𝑣 for the ID model (2.1) are 

 
𝑓𝑣 = 𝑎𝑚𝑎𝑥 (−

𝛿𝑣𝑒(𝑠𝑒)𝛿−1

𝑣𝑚𝑎𝑥
𝛿

−
2𝜏(𝑠𝑗 + 𝑣𝑒(𝑠𝑒)𝜏)

𝑠𝑒
2

),       (2.39) 

 
𝑓∆𝑣 = −

𝑣𝑒(𝑠𝑒)

𝑠𝑒

√
𝑎𝑚𝑎𝑥 

𝑏
(

𝑠𝑗 + 𝑣𝑒(𝑠𝑒)𝜏

𝑠𝑒
)       (2.40) 

Using (2.39) and (2.40), the string stability criteria from (2.38) is 

 

 
𝑣𝑒

′(𝑠𝑒) ≤
𝑎𝑚𝑎𝑥(𝛿(𝑠𝑒)2𝑣𝑒(𝑠𝑒)𝛿−1 + 2𝜏𝑠𝑗𝑣𝑚𝑎𝑥

𝛿 + 2𝑣𝑒(𝑠𝑒)𝜏2𝑣𝑚𝑎𝑥
𝛿 )

2(𝑠𝑒)2𝑣𝑚𝑎𝑥
𝛿

+
𝑣𝑒(𝑠𝑒)√𝑎𝑚𝑎𝑥𝑏(𝑠𝑒 + 𝜏𝑣𝑒(𝑠𝑒))

(𝑠𝑒)2𝑏
 

      (2.41) 
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This shows that changes in velocity (speed) with the ID model are characterized with the constant 

𝛿. A traffic string is more stable with a larger value of 𝛿, but in this case congestion ends quickly. 

Thus, making 𝛿 larger to ensure stability ignores traffic physics and results in unrealistic traffic 

behavior. The velocity (speed) changes during traffic alignment are affected by driver sensitivity 

and reaction. Thus, to ensure appropriate behavior 𝛿 in (2.41) is replaced with (2.6) which gives 

the proposed model stability criteria as 

 𝑣𝑒
′(𝑠𝑒) ≤

𝑎𝑚𝑎𝑥(𝑎𝜏(
𝑠

𝐷
)(

𝜏

𝜏𝑠
)(𝑠𝑒)2𝑣𝑒(𝑠𝑒)

𝑎𝜏(
𝑠
𝐷

)(
𝜏

𝜏𝑠
)−1

+2𝜏𝑠𝑗𝑣𝑚𝑎𝑥

𝑎𝜏(
𝑠
𝐷

)(
𝜏

𝜏𝑠
)

+2𝑣𝑒(𝑠𝑒)𝜏2𝑣𝑚𝑎𝑥

𝑎𝜏(
𝑠
𝐷

)(
𝜏

𝜏𝑠
)

)

2(𝑠𝑒)2𝑣𝑚𝑎𝑥

𝑎𝜏(
𝑠
𝐷

)(
𝜏

𝜏𝑠
)

+ 

𝑣𝑒(𝑠𝑒)√𝑎𝑚𝑎𝑥𝑏(𝑠𝑒+𝜏𝑣𝑒(𝑠𝑒))

(𝑠𝑒)2𝑏
. 

      (2.42) 

With the proposed model, changes in velocity (speed) are based on driver sensitivity and reaction. 

Drivers are more sensitive to large changes in velocity (speed) which results in a traffic flow that 

is string stable [20]. Further, a smaller distance headway than at equilibrium means vehicles move 

slowly so congestion takes longer to dissipate [19]. Conversely, a larger distance headway than at 

equilibrium means congestion dissipates quickly resulting in a stable traffic flow. 

2.2.2 Numerical Traffic Stability 

Both models are evaluated over a 1000 m single-lane circular road for 180 s with a platoon of 21 

vehicles. The time headway with the ID model is 2 s. For the proposed model, 𝜏 = 1 s which 

corresponds to an aggressive driver, 𝜏 = 2.5 s which corresponds to a sluggish driver, and 𝜏 = 2 s 

which corresponds to a typical driver, are considered. The value of ℎ =
𝑠

𝐷
 ranges between 0 and 1, 

so here 0.3, 0.5, and 1 are used. The value of 𝛿 varies between 1 and ∞, and is usually 4 [26]. 

Hence, the values of 𝛿 considered are 1, 4 and 20. The initial equilibrium velocity (speed) is 4 

m/s and the number of vehicles is 21. A perturbation is induced at 30 s based on the minimum 

acceleration. The stability analysis parameters for the ID and proposed models are given in Table 

2.1. 
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Table 2.1 Stability analysis parameters. 

Parameter Value 

Proposed model acceleration, 𝑎 1.5 m/s2 

Time headway for the ID model, 𝜏 2 s 

Time headway for the aggressive driver, 𝜏  1 s 

Time headway for the sluggish driver, 𝜏 2.5 s 

Time headway for the typical driver, 𝜏 2 s 

Ratio of distance headway to desired distance headway, ℎ =
𝑠

𝐷
 0.3, 0.5, and 1 

Jam spacing,  𝑠𝑗 5 m 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.73 m/s2 

Minimum acceleration (deceleration), 𝑏 1.67 m/s2 

Vehicle length, 𝐿 5 m 

Time step size, ∆𝑡 0.5 s 

Initial equilibrium velocity (speed) 4 m/s 

Acceleration exponent 1, 4, and 20 

Safe time headway, 𝜏𝑠 2 s 

 

Figure 2.2 presents the velocity (speed) trajectories for the ID and proposed models. The 

trajectory of the 1st vehicle is represented by the red line while the black lines indicate the 

trajectories of the following 20 vehicles. For the ID model, when 𝛿 = 1 the velocity (speed)  of 

the 1st vehicle decreases to 3.1 m/s and then increases to 4.3 m/s at 38.0 s. At 47.5 s, the velocity 

(speed) oscillates between 3.8 and 4.2 m/s and increases over time. At 179.5 s, the velocity (speed) 

fluctuates between 2.5 and 5.1 m/s as shown in Figure 2.2a. When 𝛿 = 4, the velocity (speed) of 

the 1st vehicle decreases to 3.1 m/s and then increases to 4.3 m/s at 37.0 s. At 47.5 s, the velocity 

(speed) oscillates between 3.7 and 4.3 m/s, and at 179.5 s it fluctuates between 0.03 and 7.4 m/s 

as shown in Figure 2.2b. When 𝛿 = 20, the velocity (speed) of the 1st vehicle decreases to 3.1 m/s 

and then increases to 4.3 m/s at 37.0 s. At 45.5 s, the velocity (speed)  oscillates between 3.7 and 

4.3 m/s, and at 179.5 s it fluctuates between 0.03 and 7.4 m/s as shown in Figure 2.2c. 
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                            (a)                                    (d)                                      (g)                                       (j)    

 

                            (b)                                     (e)                                     (h)                                     (k)   

 

                             (c)                                     (f)                                       (i)                                     (l)                     

Figure 2.2 Velocity (speed)  on a 1000 m circular road for the ID model with (a) 𝛿 = 1, 

(b) 𝛿 = 4, (c) and 𝛿 = 20, and the proposed model when 
𝜏

𝜏𝑠
< 1 with (d) ℎ = 0.3, (e) ℎ =

0.5, and (f) ℎ = 1.0, 
𝜏

𝜏𝑠
> 1 with (g) ℎ = 0.3, (h) ℎ = 0.5, and (i) ℎ = 1.0, and 

𝜏

𝜏𝑠
= 1 with 

(j) ℎ = 0.3, (k) ℎ = 0.5, and (l) ℎ = 1.0. 

For the proposed model with 
𝜏

𝜏𝑠
< 1 (aggressive driver), when ℎ = 0.3 the velocity (speed) of 

the first vehicle decreases to 3.2 m/s and then increases to 4.3 m/s at 43.5 s. At 63.0 s, it oscillates 

between 3.5 m/s and 4.5 m/s. These oscillations increase over time and at 178.0 s, the velocity 

(speed) fluctuates between 0.03 and 7.3 m/s as shown in Figure 2.2d. When ℎ = 0.5, the velocity 

(speed) of the first vehicle decreases to 3.1 m/s and then increases to 4.3 m/s at 40.0 s. At 50.5 s, 

the velocity (speed) oscillates between 3.6 and 4.4 m/s, and at 179.5 s it fluctuates between 

0.07 and 8.5 m/s as shown in Figure 2.2e. When ℎ = 1.0, the velocity (speed) of the 1st vehicle 
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decreases to 3.1 m/s and then increases to 4.3 m/s at 37.5 s. At 69.5 s, the velocity (speed) 

oscillates between 3.1 and 5.1 m/s, and at 179.0 s it fluctuates between 0.16 and 11.1 m/s as 

shown in Figure 2.2f. 

With 
𝜏

𝜏𝑠
> 1 (sluggish driver), at ℎ = 0.3 the velocity (speed) of the 1st vehicle decreases to 

3.1 m/s and then increases to 4.2 m/s at 38.0 s. At 52.0 s, the velocity (speed) oscillates between 

3.8 and 4.2 m/s, and at 179.5 s it fluctuates between 3.6 and 4.3 m/s as shown in Figure 2.2g. 

When ℎ = 0.5, the velocity (speed) of the 1st vehicle decreases to 3.2 m/s and then increases to 

4.3 m/s at 37.5 s. At 47.5 s, the velocity (speed) oscillates between 3.8 and 4.2 m/s, and at 179.5 s 

it fluctuates between 3.4 and 4.4 m/s as shown in Figure 2.2h. When ℎ = 1.0, the velocity (speed) 

of the 1st vehicle decreases to 3.1 m/s and then increases to 4.2 m/s at 38.0 s. At 55.0 s, the 

velocity (speed) oscillates between 3.8 and 4.2 m/s, and at 179.0 s it fluctuates between 3.2 and 

4.5 m/s as shown in Figure 2.2i. 

When 
𝜏

𝜏𝑠
= 1 (typical driver), at ℎ = 0.3 the velocity (speed) of the 1st vehicle decreases to 

3.1 m/s and then increases to 4.2 m/s at 38.0 s. At 47.5 s, the velocity (speed) oscillates between 

3.7 and 4.2 m/s, and at 179.5 s it fluctuates between 2.7 and 4.9 m/s as shown in Figure 2.2j. When 

ℎ = 0.5, the velocity (speed) of the 1st vehicle decreases to 3.2 m/s and then increases to 4.3 m/s 

at 37.0 s. At 53.5 s, the velocity (speed) fluctuates between 3.8 and 4.3 m/s and at 179.0 s it 

oscillates between 1.4 and 6.0 m/s as shown in Figure 2.2k. When ℎ = 1.0, the velocity (speed) of 

the 1st vehicle decreases to 3.1 m/s and then increases to 4.3 m/s at 37.0 s. At 52.0 s, the velocity 

(speed) fluctuates between 3.7 and 4.3 m/s and at 179.5 s it oscillates between 0.04 and 7.3 m/s 

as shown in Figure 2.2l. 

Figure 2.3 presents the time and space evolution of the vehicles over a circular road of length 

1000 m for the ID and proposed models. This shows the instability that results with both models 

is in the form of stop-and-go waves. For the ID model, as 𝛿 increases the stop-and-go waves 

propagate over time and space as shown in Figures 2.3a to 2.3c. For the proposed model, with 
𝜏

𝜏𝑠
<

1 (aggressive driver) the stop-and-go waves are larger, and with 
𝜏

𝜏𝑠
> 1 (sluggish driver) they are 

smaller, than with 
𝜏

𝜏𝑠
= 1 (typical driver) as shown in Figures 2.3d to 2.3l. 
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                             (a)                                      (d)                                      (g)                                      (j)    

 

                            (b)                                       (e)                                      (h)                                     (k)    

 

                             (c)                                       (f)                                     (i)                                        (l)   

Figure 2.3 Spatial and temporal vehicle evolution with the ID model for (a) 𝛿 = 1, (b) 

𝛿 = 4, and (c) 𝛿 = 20, and the proposed model for 
𝜏

𝜏𝑠
< 1 and (d) ℎ = 0.3, (e) ℎ = 0.5, 

and (f) ℎ = 1.0, for 
𝜏

𝜏𝑠
> 1 and (g) ℎ = 0.3, (h) ℎ = 0.5, and (i) ℎ = 1.0, and for 

𝜏

𝜏𝑠
= 1 

and (j) ℎ = 0.3, (k) ℎ = 0.5, and (l) ℎ = 1.0. 

The results in Figures 2.2 and 2.3 show that with the proposed model the velocity (speed)  

oscillations are larger for an aggressive driver and hence more stop-and-go waves are produced. 

This is expected since there are significant interactions between the vehicles which cause 

congestion [20]. With a sluggish driver, the oscillations are smaller and hence fewer stop-and-go 

waves are produced. This is because there are fewer interactions between vehicles so the traffic is 

smooth [20]. The ID model [26] employs a constant exponent 𝛿 which is not based on driver 

response but rather is a compromise used to characterize all situations. Hence, with the ID model 
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the velocity (speed) oscillations and stop-and-go waves produced are based on this value which is 

inadequate and unrealistic. 

2.3 Traffic Models Performance 

The performance of the proposed and ID models is evaluated over a single-lane circular road of 

length 1200 m for 150 s using the explicit Euler method [47] with a time step of 0.5 s. There are 

no vehicles exits or entrances on the road. The ID model is evaluated with time headway 2 s. The 

proposed model is evaluated with 𝜏 = 1 s (sensitivity 
𝜏

𝜏𝑠
< 1) which corresponds to an aggressive 

driver, 𝜏 = 2.5 s (sensitivity 
𝜏

𝜏𝑠
> 1) which corresponds to a sluggish driver, and 𝜏 = 2 s 

(sensitivity 
𝜏

𝜏𝑠
= 1) which corresponds to a typical driver. The value of  ℎ =

𝑠

𝐷
 ranges between 0 

and 1, so here 0.3, 0.5 and 1.0 are used. The value of the acceleration exponent 𝛿 varies between 

1 and ∞ and is usually 4 [26], so 𝛿 = 1, 4, and 20 are employed. The maximum normalized density 

is 
1

𝑠𝑗
= 0.2 and a platoon of 21 vehicles is considered. The simulation parameters are given in Table 

2.2. 

 

                                                   (a)                                                                               (b)  

Figure 2.4 Vehicle behavior with the ID model for 𝛿 = 1, 4, and 20, (a) flow and (b) 

velocity (speed). 
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Table 2.2 Simulation parameters. 

Parameter Value 

Maximum velocity (desired speed), 𝑣𝑚𝑎𝑥 33.3 m/s 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.73 m/s2 

Minimum acceleration (deceleration), 𝑏 1.67 m/s2 

Jam spacing, 𝑠𝑗 5 m 

Time headway for the ID model, 𝜏 2 s 

Time headway for the aggressive driver, 𝜏 1 s 

Time headway for the sluggish driver, 𝜏 2.5 s 

Time headway for the typical driver, 𝜏 2 s 

Safe time headway, 𝜏𝑠 2 s 

Ratio of distance headway to desired distance headways, ℎ =
𝑠

𝐷
 0.3, 0.5 and 1.0 

Proposed model acceleration, 𝑎 1.5 m/s2 

Time step size, ∆𝑡 0.5 s 

Acceleration exponent, 𝛿 1, 4, and 20 

Maximum normalized density,  𝜌𝑚 =
1

𝑠𝑗
 at 𝑣 = 0 m/s 0.2 

Vehicle length, 𝐿 5 m 

 

Figure 2.4 presents the flow and velocity (speed)  with the ID model and the results are 

summarized in Table 2.3. When 𝛿 = 1, the maximum flow is 0.33 veh/s at a density of 0.03, and 

the corresponding velocity (speed)  is 9.9 m/s. When 𝛿 = 4, the maximum flow is 0.42 veh/s at a 

density of 0.02, and the corresponding velocity (speed)  is 16.9 m/s. When 𝛿 = 20, the maximum 

flow is 0.45 veh/s at a density of 0.02, and the corresponding velocity (speed) is 27.3 m/s. Table 

2.3 shows that a smaller value of 𝛿 results in a lower maximum flow and velocity (speed), but a 

larger density. As 𝛿 increases, the maximum flow increases while the density decreases, whereas 

the corresponding velocity (speed) increases. 
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Table 2.3 Maximum flow, density, and critical velocity (speed)  for the ID model. 

 

Figure 2.5 presents the flow and velocity (speed)  with the proposed model for ℎ = 0.3, 0.5, 

and 1.0 and the results are summarized in Table 2.4. With ℎ = 0.3 (aggressive driver), the 

maximum flow is 0.32 veh/s at a density of 0.03 and the corresponding velocity (speed) is 9.4 m/s. 

For ℎ = 0.5, the maximum flow is 0.40 veh/s at a density of 0.04, and the corresponding velocity 

(speed) is 10.2 m/s. For ℎ = 1.0, the maximum flow is 0.52 veh/s at a density of 0.05, and the 

corresponding velocity (speed) is 11.3 m/s. With 
𝜏

𝜏𝑠
> 1 (sluggish driver), the maximum flow at 

ℎ = 0.3 is 0.30 veh/s at a density of 0.03, and the corresponding velocity (speed) is 10.3 m/s. For 

ℎ = 0.5, the maximum flow is 0.33 veh/s at a density of 0.02, and the corresponding velocity 

(speed) is 13.2 m/s. For ℎ = 1.0, the maximum flow is 0.35 veh/s at a density of 0.02, and the 

corresponding velocity (speed) is 17.2 m/s. With 
𝜏

𝜏𝑠
= 1 (typical driver), at ℎ = 0.3 the maximum 

flow is 0.33 veh/s at a density of 0.04 and the corresponding velocity (speed)  is 9.2 m/s. For ℎ =

0.5, the maximum flow is 0.37 veh/s at a density of 0.03, and the corresponding velocity (speed)  

is 11.3 m/s. For ℎ = 1.0, the maximum flow is 0.41 veh/s at a density of 0.03, and the 

corresponding velocity (speed)  is 12.1 m/s. Table 2.4 indicates that with an aggressive driver, an 

increase in ℎ increases the maximum flow, density, and velocity (speed). However, with sluggish 

and typical drivers, an increase in ℎ increases the maximum flow and velocity (speed) but 

decreases the density. Moreover, with an aggressive driver an increase in ℎ results in a faster 

increase in the maximum flow compared to a sluggish driver. As expected, with a typical driver 

the flow and velocity (speed)  behavior are between the results for aggressive and sluggish drivers. 

Acceleration exponent 

𝜹 

Maximum flow 

 (veh/s) 

Maximum density 

 

Critical velocity (speed) 

(m/s) 

1 0.33 0.03 9.9 

4 0.42 0.02 16.9 

20 0.45 0.02 27.3 
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𝝉

𝝉𝒔
< 𝟏                                         

𝝉

𝝉𝒔
> 𝟏                                         

𝝉

𝝉𝒔
= 𝟏 

Figure 2.5 Flow and velocity (speed)  with the proposed model versus density with 
𝜏

𝜏𝑠
< 1, 

𝜏

𝜏𝑠
> 1,  and 

𝜏

𝜏𝑠
= 1 for ℎ = 0.3, 0.5 and 1.  

Table 2.4 Maximum flow, density, and critical velocity (speed) with the proposed model. 

Driver sensitivity 𝒉 =
𝒔

𝑫
 

Maximum flow 

(veh/s) 

Maximum  

density 

Critical velocity (speed) 

(m/s) 

𝜏

𝜏𝑠
< 1 

(aggressive driver) 

0.3 0.32 0.03 9.4 

0.5 0.40 0.04 10.2 

1.0 0.52 0.05 11.3 

𝜏

𝜏𝑠
> 1 

(sluggish driver) 

0.3 0.30 0.03 10.3 

0.5 0.33 0.02 13.2 

1.0 0.35 0.02 17.2 

𝜏

𝜏𝑠
= 1 

(typical driver) 

0.3 0.33 0.04 9.2 

0.5 0.37 0.03 11.3 

1.0 0.41 0.03 12.1 
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Figure 2.6 presents the temporal and spatial evolution of a queue for the ID model and the 

congestion results are summarized in Table 2.5. This shows that the velocity (speed)  within the 

queue is zero. When 𝛿 = 1, the queue dissipates at 57.5 s as shown in Figure 2.6a, and the 

corresponding velocity (speed) is 1.3 m/s. When 𝛿 = 4, the queue dissipates at 56.0 s as shown in 

Figure 2.6b, and the corresponding velocity (speed) is 1.2 m/s. When 𝛿 = 20, the queue exists 

from 0 to 55.5 s, and the velocity (speed) after the queue dissipates varies between 1.1 and 5.2 m/s. 

However, a new queue forms at 84.5 s and remains until 150.0 s, spanning 40.0 to 53.3 m as 

shown in Figure 2.6c. With 𝛿 = 1, the maximum velocity (speed) is 20.0 m/s, whereas with 𝛿 = 4 

and 20 it is 25.0 and 30.0 m/s, respectively. These results indicate that the traffic queue with the 

ID model dissipates based on the constant 𝛿 rather than driver response, which is unrealistic. 

   

                                  (a)                                                       (b)                                                          (c)    

Figure 2.6  Velocity (speed) versus time and space with the ID model over a 1200 m 

circular road for (a) 𝛿 = 1, (b) 𝛿 = 4, and (c) 𝛿 = 20.              

Table 2.5 Velocity (speed) and time for the ID model during and after congestion. 

Acceleration 

exponent 

 𝜹 

Time during which 

congestion occurs 

(s) 

Velocity (speed) after 

congestion dissipates 

(m/s) 

Time after 

congestion dissipates 

(s) 

1 0 − 57.5 1.3 57.5 

4 0 − 56.0 1.2 56.0 

20 0 − 55.5 and 84.5 − 150.0 1.1 − 5.2 84.5 − 150.0 
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                         (a)                                                       (d)                                                    (g)   

  

                                 (b)                                                   (e)                                                        (h)   

 

                                (c)                                                     (f)                                                       (i)   

Figure 2.7 Velocity (speed) versus time and space for the proposed model over a 1200 m 

circular road for 
𝜏

𝜏𝑠
< 1 with (a) ℎ = 0.3, (b) ℎ = 0.5, and (c) ℎ = 1.0, 

𝜏

𝜏𝑠
> 1 with (d) ℎ =

0.3, (e) ℎ = 0.5, and (f) ℎ = 1.0, and 
𝜏

𝜏𝑠
= 1 with (g) ℎ = 0.3, (h) ℎ = 0.5, and (i) ℎ = 1.0. 

Figure 2.7 presents the temporal and spatial evolution of a queue with the proposed model and 

the congestion results are summarized in Table 2.6. This shows that the velocity (speed) within the 

queue is zero. For 
𝜏

𝜏𝑠
< 1 (aggressive driver), with ℎ = 0.3 the queue dissipates at 91.5 s as shown 

in Figure 2.7a, and the corresponding velocity (speed) is 1.3 m/s. With ℎ = 0.5 and 1.0 the queue 

dissipates at 68.0 and 54.5 s, respectively, as shown in Figures 2.7b and 2.7c. With ℎ = 0.5, the 

velocity (speed) after the queue dissipates is 1.6 m/s, while with ℎ = 1.0 it is 2.5 m/s. For 
𝜏

𝜏𝑠
> 1 

(sluggish driver), with ℎ = 0.3 and 0.5 the queue dissipates at 62.5 and 61.0 s, respectively, as 
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shown in Figures 2.7d and 2.7e. With ℎ = 0.3 the velocity (speed) after the queue dissipates is 1.4 

m/s while with ℎ = 0.5 it is 1.2 m/s. With ℎ = 1.0 the initial queue dissipates at 60.0 s and the 

corresponding velocity (speed) is between 1.0 and 1.9 m/s as shown in Table 2.6. A queue again 

develops at 125.0 s and lasts until 150.0 s between −43.3 and −56.6 m as shown in Figure 2.7f. 

For 
𝜏

𝜏𝑠
= 1 (typical driver), with ℎ = 0.3 the queue dissipates at 60.0 s as shown in Figure 2.7g, 

and the corresponding velocity (speed) is 1.7 m/s. With ℎ = 0.5 and 1.0, the queue dissipates at 

58.5 and 59.0 s, respectively, as shown in Figures 2.7h and 2.7i. With ℎ = 0.5 the velocity (speed) 

after the queue is 1.8 m/s while with ℎ = 1.0 the velocity (speed) is 2.1 m/s. The largest velocity 

(speed) after the queue dissipates is 2.5 m/s. These results indicate that queue dissipation is quick 

with an aggressive driver compared to a sluggish driver. Further, the dissipation with a typical 

driver is between that with aggressive and sluggish drivers, as expected. 

Table 2.6 Velocity (speed)  and time for the proposed model during the queue and after the queue 

dissipates. 

Driver Sensitivity 𝒉 =
𝒔

𝑫
 

Time during 

which congestion 

occurs 

(s) 

Velocity (speed) 

after congestion 

dissipates 

(m/s) 

Time after 

congestion 

dissipates 

(s) 

𝜏

𝜏𝑠
< 1 

(aggressive driver) 

0.3 0 − 91.5 1.3 91.5 

0.5 0 − 68.0 1.6 68.0 

1.0 0 − 54.5 2.5 54.5 

𝜏

𝜏𝑠
> 1 

(sluggish driver) 

0.3 0 − 62.5 1.4 62.5 

0.5 0 − 61.0 1.2 61.0 

1.0 
0 − 60.0 and 

125.0 − 150.0 
1.0 and 1.9 

60.0 and 

125.0 

𝜏

𝜏𝑠
= 1 

(typical driver) 

0.3 0 − 60.0 1.7 60.0 

0.5 0 − 58.5 1.8 58.5 

1.0 0 − 59.0 2.1 59.0 
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Figure 2.8 Velocity (speed) with the ID model for 𝛿 = 1, 4, and 20 over a 1200 m circular 

road. 

 

Figure 2.9 Velocity (speed) with the proposed model for ℎ = 0.3, 0.5, and 1.0 with 
𝜏

𝜏𝑠
< 1 

over a 1200 m circular road. 
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Figure 2.10  Velocity (speed) with the proposed model for ℎ = 0.3, 0.5, and 1.0 with 
𝜏

𝜏𝑠
>

1 over a 1200 m circular road. 

 

Figure 2.11 Velocity (speed) with the proposed model for ℎ = 0.3, 0.5, and 1.0 with 
𝜏

𝜏𝑠
=

1 over a 1200 m circular road. 
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Figure 2.8 presents the velocity (speed)  with the ID model over a 1200 m road for 𝛿 = 1, 4, 

and 20. This shows that an increase in 𝛿 increases the variations in velocity (speed). The 

corresponding velocity (speed) with the proposed model for 
𝜏

𝜏𝑠
< 1 (aggressive driver), is given in 

Figure 2.9. This indicates that the variations in velocity (speed) are smaller with a larger value of 

ℎ. The velocity (speed) with the proposed model for 
𝜏

𝜏𝑠
> 1 (sluggish driver) and 

𝜏

𝜏𝑠
= 1 (typical 

driver), is presented in Figures 2.10 and 2.11, respectively. These show that the variations in 

velocity (speed) increase with ℎ. 

 

                                                 (a)                                                                                     (b)   

 

(c)   

Figure 2.12  Traffic density with the ID model over a 1200 m circular road for (a) 𝛿 = 1, 

(b) 𝛿 = 4, and (c) 𝛿 = 20.   

Figure 2.12 presents the density evolution over time and distance with the ID model. When 

𝛿 = 1, the density is 0.012 from 0 to 136.5 m at 149.5 s. At 336.3 m, it is 0.03 and then decreases 

to 0.016 at 709.2 m as shown in Figure 2.12a. From 0 to 47.0 s there is a traffic queue as the 

density is 0.20. At 80.5 s, the density at 148.0 s decreases to 0.032 after the congestion ends. 
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When 𝛿 = 4, at 147.0 s the density is 0.014 from 0 to 23.3 m. It increases to 0.036 at 219.8 m 

and then decreases to 0.014 at 619.4 m as shown in Figure 2.12b. From 0 to 45.0 s the density is 

0.20 which indicates a traffic queue. At 149.00 s, the density decreases to 0.036. When 𝛿 = 20, 

at 147.0 s the density between −66.6 m and −50.0 m is 0.20 which indicates a traffic queue. At 

509.9 m, it decreases to 0.008 as shown in Figure 2.12c. It is 0.20 from 0 to 46.5 s so there is a 

traffic queue. The density then decreases to 0.05 at 66.0 s. A queue again develops at 77.0 s as the 

density is 0.20 and remains until 150.0 s between −66.6 and −50.0 m. Figure 2.12 shows that as 

𝛿 increases the change in density over time increases which indicates the model is unstable. 

 

 

                                    (a)                                                                                   (b)   

 

(c)   

Figure 2.13 Traffic density with the proposed model over a 1200 m circular road for 
𝜏

𝜏𝑠
<

1 and (a) ℎ = 0.3, (b) ℎ = 0.5, and (c) ℎ = 1.0. 
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                                             (a)                                                                                        (b)  

 

(c)  

Figure 2.14  Traffic density with the proposed model over a 1200 m circular road for 
𝜏

𝜏𝑠
>

1 and (a) ℎ = 0.3, (b) ℎ = 0.5, and (c) ℎ = 1.0. 

Figure 2.13 presents the density evolution over time and distance with the proposed model for 

𝜏

𝜏𝑠
< 1 (aggressive driver). With ℎ = 0.3, from 0 to 53.3 m at 149.0 s the density is 0.01. It 

increases to 0.06 at 129.8 m and then decreases to 0.016 at 456.2 m as shown in Figure 2.13a. 

From 0 to 79.0 s the density is 0.20 which indicates a traffic queue. At 114.5 s the queue dissipates 

and the density decreases to 0.05 and then increases to 0.06 at 149.0 s. With ℎ = 0.5, from 0 to 

336.3 m at 148.5 s the density is 0.012. It increases to 0.03 at 492.8 m and then decreases to 

0.016 at 885.7 m as shown in Figure 2.13b. From 0 to 49.50 s, it is 0.20 which indicates a queue, 

and at 149.0 s it decreases to 0.035. With ℎ = 1.0, from 0 to 732.6 m at 149.5 s the density is 

0.014. At 985.6 m it increases to 0.020 as shown in Figure 2.13c. From 0 to 43.0 s the density is 
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0.20 which indicates a queue. At 146.0 s, the queue dissipates and the density decreases to 0.015 

at 169.8 m. 

 

                               (a)                                                                                       (b)  

 

(c)  

Figure 2.15 Traffic density with the proposed model over a 1200 m circular road for 
𝜏

𝜏𝑠
=

1 and (a) ℎ = 0.3, (b) ℎ = 0.5, and (c) ℎ = 1.0. 

Figure 2.14 presents the density evolution over time and distance with the proposed model for 

𝜏

𝜏𝑠
> 1 (sluggish driver). With ℎ = 0.3, from 0 to 26.6 m the density is 0.014 at 149.5 s. From 

0.02 to 329.6 m it decreases to 0.015 at 586.0 m as shown in Figure 2.14a. From 0 to 48.5 s, it 

is 0.20 which indicates a traffic queue, and at 149.0 s it decreases to 0.03. With ℎ = 0.5, from 0 

to 9.99 m at 150.0 s the density is 0.017. At 99.9 m, it increases to 0.038 and then decreases to 

0.014 at 479.5 m as shown in Figure 2.14b. From 0 to 48.5 s it is 0.20, which indicates a queue, 

and at 149.0 s it decreases to 0.03. With ℎ = 1.0, from −56.6 to −43.2 m at 150.0 s the density 

is 0.20 which indicates a queue. It then decreases to 0.012 at 316.3 m as shown in Figure 2.14c. 
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From 0 to 49.5 s the density is 0.20 which indicates a queue, and at 70.0 s it decreases to 0.07. A 

queue with density 0.20 again forms at 131.0 s and remains until 150.0 s between −56.6 and 

−43.2 m. 

Figure 2.15 presents the density evolution over time and distance with the proposed model for 

𝜏

𝜏𝑠
= 1 (typical driver). With ℎ = 0.3, from 0 to 153.2 m at 150.0 s the density is 0.012. It then 

decreases to 0.01 at 526.1 m as shown in Figure 2.15a. From 0 to 43.5 s, the density is 0.20 which 

indicates a queue, and at 147.5 s it decreases to 0.032. With ℎ = 0.5, from 0 to 149.8 m at 150.0 

s the density is 0.013. It then increases to 0.029 at 362.9 m and decreases to 0.016 at 729.2 m as 

shown in Figure 2.15b. From 0 to 46.0 s, the density is 0.20 which indicates a queue, and at 148.5 

s it decreases to 0.03. With ℎ = 1.0, from 0 to 79.9 m at 149.0 s the density is 0.015 and decreases 

to 0.013 at 785.8 m as shown in Figure 2.15c. From 0 to 45.0 s, the density is 0.20 which indicates 

a queue and it decreases to 0.032 at 148.0 s.  

The results presented in this section indicate that with the proposed model and an aggressive 

driver, the changes in velocity (speed) and density are small, whereas with a sluggish driver these 

changes are large. As expected, the response with a typical driver is between that of an aggressive 

driver and a sluggish driver. However, the ID model employs a fixed exponent regardless of the 

density and velocity (speed) and so the results are unrealistic. Thus, the proposed model achieves 

a smooth flow considering driver reaction and sensitivity, which is more realistic than with the ID 

model.  

2.4 Conclusion 

A new microscopic traffic model was introduced which is based on driver response considering 

both driver reaction and sensitivity. The performance of the proposed model was compared with 

the well-known ID model over a circular road that can be considered a worst-case scenario. The 

results obtained show that the density and velocity (speed) evolution with the proposed model are 

realistic as they are based on real traffic parameters. Conversely, the constant exponent used in the 

ID model produces less realistic results. Moreover, the variations in velocity (speed) are greater 

with a sluggish driver compared to an aggressive driver, as expected.  

The stability results demonstrate that with the proposed model, a large driver sensitivity means 

congestion dissipates quickly. Further, the large sensitivity with such a driver creates larger 

oscillations in velocity (speed) and greater stop-and-go waves than with a sluggish driver (small 
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sensitivity), as expected. Hence, the traffic behavior with the proposed model is more stable than 

the ID model. This is because the ID model employs a constant exponent 𝛿 to characterize traffic 

behavior which is not based on real traffic dynamics. 
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Chapter 3                                                                 

A Traffic Model Incorporating Vehicle 

Vibrations Due to Pavement Condition 

 

Pavement condition significantly impacts traffic behavior. Pavement deterioration causes traffic 

accidents, congestion, pollution, and time delays. Moreover, poor roads impact the smooth flow 

of traffic resulting in rider discomfort and increased vehicle operating costs [54]. Congestion 

lowers vehicle speeds so emissions are increased. Further, vehicle speed is reduced by an average 

of 55% when the road condition is poor compared to when it is excellent, and average emissions 

increase by 2.49%. Road safety is a primary concern worldwide as road accidents cause 

approximately 1.35 million fatalities each year [55]. It is also dangerous as uneven pavement and 

potholes, damaged concrete, cracks, and exposed rebar can cause drivers to lose control resulting 

in severe accidents [56]. Efficient traffic forecasting and control are essential to alleviate traffic 

problems such as congestion and improve road infrastructure. This requires a practical model for 

traffic prediction. 

This chapter introduces a microscopic traffic model that incorporates the pavement condition 

to accurately represent traffic behavior. The pavement condition is evaluated using the pavement 

condition index (PCI), which is an indicator of pavement condition and quality, and thus affects 

driver behavior and traffic flow. It ranges between 0 to 100 [54]. Incorporating the PCI results in 

a model that provides a more comprehensive and accurate representation of traffic behavior. First, 

field experiments to determine the impact of vehicle vibrations on the PCI were conducted on the 

Grand Trunk highway in Peshawar, located in the Khyber Pakhtunkhwa province of Pakistan. This 

road section spans 7 km (7000 m) and consists of two lanes. It extends from the Chamkani Bus 

Rapid Transit (BRT) station to Pabbi. Then, the proposed and ID models are implemented using 

the Euler technique in MATLAB.  

The rest of the chapter is organized as follows. In Section 3.1, traffic models are presented. 

Section 3.2 evaluates the performance of models. Finally, Section 3.3 gives some concluding 

remarks. 
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3.1 Traffic Models 

The ID model is used for microscopic traffic characterization and is expressed as [26] 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

), (3.1) 

where 𝑎𝑚𝑎𝑥 is the maximum acceleration, 𝑣 is the speed, 𝑣𝑚𝑎𝑥 is the maximum speed (desired 

speed), and 𝛿 is a fixed acceleration exponent. 𝑠 is the distance headway and 𝐷 is the desired 

distance headway, given by [26] 

 
𝐷 = 𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏
 (3.2) 

where 𝑏 is the minimum acceleration (deceleration), 𝑠𝑗 is the jam spacing as illustrated in Figure 

3.1, ∆𝑣 is the speed difference, and 𝜏 is the time required by a vehicle to adjust its speed to the 

speed of the leading vehicle.  

The ID model characterizes driver response to traffic conditions based on a fixed value 𝛿. 

Thus, driver behavior does not vary based on these conditions, so it is unrelated to traffic physics 

and results in inadequate and unrealistic traffic characterization. 

 

Figure 3.1 Intelligent driver (ID) model parameters. 

Field experiments were conducted by driving a test vehicle over the road segment in Peshawar, 

Pakistan, between 12 AM and 2 AM. One lane in each direction was traversed 12 times with speeds 

of 35 km/h (9.72 m/s), 45 km/h (12.50 m/s), and 55 km/h (15.27 m/s). Thus, for a given speed, a 

lane was traversed four times. These speeds were selected to represent typical traffic observed on 

the road segment. Data were collected using an On-Board Diagnostic-II scanner connected to a 

smartphone with the BotlnckDectr [57] mobile app. This allowed for the recording of various 
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parameters including GPS location, in-vehicle noise, vibration, and time. During the experiments, 

the smartphone was positioned on the vehicle dashboard. The data were transmitted to the Amazon 

Web Services (AWS) cloud. It was then analyzed to obtain the PCI of the road segment. The 

relationships between PCI and vehicle vibrations obtained are 

 𝛿 =  −0.0169𝑃𝐶𝐼 +  4.068 (3.3) 

 𝛿 =  −0.0265𝑃𝐶𝐼 +  5.037 (3.4) 

 𝛿 =  −0.0251𝑃𝐶𝐼 +  5.209 (3.5) 

for speeds of approximately 9.72 m/s, 12.50 m/s, and 15.27 m/s, respectively. The PCI ranges 

from 0 to 100 where 0 corresponds to a poor road condition and 100 to an excellent road 

condition. Thus, 𝛿 and PCI are linearly related. As the pavement condition degrades, the 

oscillations increase, which reduces passenger comfort, i.e., a higher PCI corresponds to lower 

vibrations. Substituting (3.3), (3.4) and (3.5) in (3.1) gives the proposed model for speeds of 9.72 

m/s, 12.50 m/s, and 15.27 m/s, respectively. 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(−0.0169𝑃𝐶𝐼 + 4.068)

− (
𝐷

𝑠
)

2
)                (𝑣𝑚𝑎𝑥 = 9.72 m/s)      (3.6) 

 
    

𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(−0.0265𝑃𝐶𝐼 + 5.037)

− (
𝐷

𝑠
)

2
)               (𝑣𝑚𝑎𝑥 = 12.50 m/s)      (3.7) 

 
  

𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(−0.0251𝑃𝐶𝐼 + 5.209)

− (
𝐷

𝑠
)

2
)           (𝑣𝑚𝑎𝑥 = 15.27 m/s)       (3.8) 

An excellent road condition is required to avoid traffic congestion and accidents and efficiently 

align to forward vehicles. In this case, there is free flow traffic which corresponds to 𝑃𝐶𝐼 = 100. 

A poor road condition can result in congestion due to the reduction in vehicle speed. In this case, 

𝑃𝐶𝐼 = 0 and vehicle acceleration and deceleration are large so the emissions are high. With the 

proposed model, alignment is according to the PCI and is more realistic compared with fixed 𝛿. 

The traffic density can be expressed as 𝜌 = 1/𝑠𝑒 [47] where 𝑠𝑒 is the distance headway at 

equilibrium. In this case, ∆𝑣 = 0 so substituting (3.2) in (3.1) gives for the ID model 

 
𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝑠𝑗 + 𝜏𝑣

𝑠𝑒
)

2

 ) = 0 (3.9) 

and rearranging gives 
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𝑠𝑒  =  (𝑠𝑗  +  𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝛿

)

−
1
2

 (3.10) 

Thus, the fixed 𝛿 in the ID model results in a constant distance headway between vehicles at 

equilibrium regardless of the traffic conditions. In contrast, in the proposed model the distance 

headway is based on the PCI. The distance headway at equilibrium is obtained by substituting 

(3.3), (3.4), and (3.5) in (3.10) which gives 

 

𝑠𝑒  =  (𝑠𝑗  +  𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0169𝑃𝐶𝐼 + 4.068)
)

−
1

2

       (𝑣𝑚𝑎𝑥 = 9.72 m/s) (3.11) 

 

𝑠𝑒  =  (𝑠𝑗  +  𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0265𝑃𝐶𝐼 + 5.037)
)

−
1

2

        (𝑣𝑚𝑎𝑥 = 12.50 m/s) (3.12) 

 

𝑠𝑒  =  (𝑠𝑗  +  𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0251𝑃𝐶𝐼 + 5.209)
)

−
1

2

      (𝑣𝑚𝑎𝑥 = 15.27 m/s) (3.13) 

The product of density and speed is traffic flow [31] so that 

 𝑄 =
𝑣

𝑠𝑒
 (3.14) 

and substituting (3.10) in (3.14) gives the flow for the ID model as 

 𝑄 =
𝑣

(𝑠𝑗  +  𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝛿
)

−
1
2

 
(3.15) 

This is unrealistic as it relies on a fixed exponent. The proposed model considers the PCI to 

determine traffic flow and so is more realistic. The traffic flow can be expressed as 

 𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣)(1−(
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0169𝑃𝐶𝐼 + 4.068)
)

−
1
2

               (𝑣𝑚𝑎𝑥 = 9.72 m/s) 
(3.16) 

 𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣)(1−(
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0265𝑃𝐶𝐼 + 5.037)
)

−
1
2

                   (𝑣𝑚𝑎𝑥 = 12.50 m/s) 
(3.17) 

 𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣)(1−(
𝑣

𝑣𝑚𝑎𝑥
)

(−0.0251𝑃𝐶𝐼 + 5.209)
)

−
1
2

                (𝑣𝑚𝑎𝑥 = 15.27 m/s) 
(3.18) 

The proposed model indicates that when the road condition is poor, the vehicle vibrations are large 

and the flow is small. Whereas, when the road condition is excellent, the vehicle vibrations are 

small and the flow is large. 
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3.2 Traffic Models Performance Evaluation 

In this section, the performance of the proposed model and ID models is evaluated on a circular 

road of length 3000 m. The Euler scheme is employed with time step size 0.50 s. The proposed 

model is simulated for 400 s and the ID model for 150 s. Based on (3.3), (3.4), and (3.5) the 

maximum speed (desired speed) 𝑣𝑚𝑎𝑥 for the proposed model is set to 9.72 m/s, 12.50 m/s, and 

15.27 m/s. The 𝑣𝑚𝑎𝑥 for the ID model is 20 m/s [32]. The jam spacing is set to 2.0 m [50], the 

maximum acceleration is 0.73 m/s², and the minimum acceleration (deceleration) is 1.67 m/s² 

[26]. The acceleration exponent 𝛿 is typically 1 or greater and is often set to 4 [26]. Thus, here 

𝛿 = 1, 4, and 20. The PCI values considered are 𝑃𝐶𝐼 = 0, 50, and 100. The maximum normalized 

density is set to 1/𝑠𝑗 = 0.50 and the critical density is 0.25 [58]. The maximum flow is obtained 

at the critical density with speed 𝑣𝑚𝑎𝑥. Thus, the speed is normalized by 𝑣𝑚𝑎𝑥 and the flow is 

normalized by 0.25 × 𝑣𝑚𝑎𝑥. The simulation parameters are summarized in Table 3.1. 

Table 3.1 Simulation parameters. 

Parameter Value 

Maximum speed (desired speed) for the proposed model, 

𝑣𝑚𝑎𝑥 
9.72 m/s, 12.50 m/s and 15.27 m/s 

Maximum speed (desired speed) for the ID model, 𝑣𝑚𝑎𝑥 20 m/s 

Time headway for ID and proposed model, 𝜏 2.0 s 

Jam spacing, 𝑠𝑗 2.0 m 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.73 m/s2 

Vehicle length, 𝐿 5.0 m 

Acceleration exponent for the ID model, 𝛿 1, 4, and 20 

Pavement condition index, PCI 0, 50 and 100 

Minimum acceleration (deceleration), 𝑏 1.67 m/s2 

Time step size, ∆𝑡 0.50 s 

 

Figure 3.2 gives the normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 9.72 m/s and 

𝑃𝐶𝐼 = 0, 50, and 100. When 𝑃𝐶𝐼 = 0, the flow at 19.0 s is 0.0010. It is 0.0021 at 106.5 s, 
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increasing to 0.0032 at 293.0 s and 0.0035 at 400 s. When 𝑃𝐶𝐼 = 50, the flow at 19.5 s is 

0.0010. It is 0.0020 at 162.5 s, increasing to 0.0031 at 288.0 s and 0.0038 at 400 s. When 𝑃𝐶𝐼 =

100, the flow at 21.5 s is 0.0010. It is 0.0025 at 172.0 s, increasing to 0.0033 at 285.5 s and 

0.0044 at 400 s. 

     

Figure 3.2 Normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 9.72 m/s over a 3000 m 

circular road. 

      

Figure 3.3 Normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 12.50 m/s over a 3000 m 

circular road. 
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Figure 3.3 gives the normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 12.50 m/s and 

𝑃𝐶𝐼 = 0, 50, and 100. When 𝑃𝐶𝐼 = 0, the flow at 20.0 s is 0.0012. It is 0.0029 at 156.0 s, 

increasing to 0.0042 at 268.5 s and 0.0054 at 400 s. When 𝑃𝐶𝐼 = 50, the flow at 22.5 s is 

0.0013. It is 0.0033 at 167.0 s, increasing to 0.0045 at 276.0 s and 0.0063 at 400 s. When 𝑃𝐶𝐼 =

100, the flow at 23.5 s is 0.0010. It is 0.0037 at 179.0 s, increasing to 0.0062 at 313.5 s and 

0.0110 at 400 s. 

Figure 3.4 gives the normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 15.27 m/s and 

𝑃𝐶𝐼 = 0, 50, and 100. When 𝑃𝐶𝐼 = 0, the flow at 22.0 s is 0.0013. It is 0.0050 at 217.5 s, 

increasing to 0.0079 at 307.5 s and 0.0140 at 400 s. When 𝑃𝐶𝐼 = 50, the flow at 25.0 s is 

0.0013. It is 0.0052 at 220.5 s, increasing to 0.0110 at 324.0 s and 0.0270 at 400 s. When 𝑃𝐶𝐼 =

100, the flow at 27.5 s is 0.0010, increasing to 0.0070 at 234.5 s and 0.0770 at 400 s. 

           

Figure 3.4 Normalized flow for the proposed model with 𝑣𝑚𝑎𝑥 = 15.27 m/s over a 3000 

m circular road. 

Figure 3.5 gives the normalized flow for the ID model with 𝛿 = 1, 4, and 20 and 𝑣𝑚𝑎𝑥 = 20 

m/s. When 𝛿 = 1, the flow at 31.5 s is 0.0013, increasing to 0.0024 at 94.0 s and 0.0063 at 150 

s. When 𝛿 = 4, the flow at 33.0 s is 0.0017. It is 0.0020 at 80.0 s, increasing to 0.0039 at 116.0 

s and 0.0088 at 150 s. When 𝛿 = 20, at 28.0 s the flow is 0.0012. It is 0.0032 at 100.5 s, 

increasing to 0.0060 at 130.0 s and 0.0095 at 150 s. 
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Figure 3.5 Normalized flow for the ID model with 𝛿 = 1, 4, and 20 over a 3000 m circular 

road. 

Figure 3.6 gives the normalized speed with 𝑣𝑚𝑎𝑥 = 9.72 m/s and 𝑃𝐶𝐼 = 0, 50, and 100 for 

the proposed model. When 𝑃𝐶𝐼 = 0, the speed is 0.39 from 0.5 s to 15.0 s, decreasing to 0.23 at 

15.5 s, and then increasing to 0.46 at 20.0 s. The speed oscillates between 0.16 and 0.64 from 

236.5 s to 399.0 s as indicated in Figure 3.6a. The speed when 𝑃𝐶𝐼 = 50 is similar to that 

when 𝑃𝐶𝐼 = 0. It is 0.39 from 0.5 s to 15.0 s, decreasing to 0.23 at 15.5 s, and then increasing to 

0.46 at 21.0 s. The speed oscillates between 0.21 and 0.58 from 263.0 s to 399.5 s as indicated 

in Figure 3.6b. When 𝑃𝐶𝐼 = 100, the speed is 0.40 from 0.5 s to 15.0 s, decreasing to 0.23 at 

15.5 s, and then increasing to 0.46 at 19.5 s. The speed oscillates between 0.32 and 0.48 from 

315.0 s to 399.0 s as indicated in Figure 3.6c. For all PCI values, there are road segments where 

the speed is constant such as between −1947.8 m and −426.7 m at 397.5 s when 𝑃𝐶𝐼 = 0, 

between −1932.3 m and −228.4 m at 392.0 s when 𝑃𝐶𝐼 = 50, and between −1962.4 m and 

−428.1 m at 393.5 s when 𝑃𝐶𝐼 = 100. 
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(a) 

 
(b) 

 
(c) 

Figure 3.6 Normalized speed for the proposed model with 𝑣𝑚𝑎𝑥 = 9.72 m/s over a 3000 

m circular road, (a) 𝑃𝐶𝐼 = 0, (b) 𝑃𝐶𝐼 = 50, (c) 𝑃𝐶𝐼 = 100. 
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Figure 3.7 gives the normalized speed with 𝑣𝑚𝑎𝑥 = 12.50 m/s and 𝑃𝐶𝐼 = 0, 50, and 100 for 

the proposed model. When 𝑃𝐶𝐼 = 0, the speed from 0.5 s to 15.0 s is 0.15, decreasing to 0.09 at 

15.5 s, and then increasing to 0.18 at 19.5 s. The speed oscillates between 0.06 and 0.27 from 

255.0 s to 399.0 s as indicated in Figure 3.7a. Similarly, when 𝑃𝐶𝐼 = 50 the speed is 0.15 from 

0.5 s to 15.0 s, decreasing to 0.09 at 15.5 s, and then increasing to 0.18 at 20.5 s. The speed 

oscillates between 0.06 and 0.26 from 258.0 s to 399.0 s as indicated in Figure 3.7b. The speed 

is also similar when 𝑃𝐶𝐼 = 100. It is 0.15 from 0.5 s to 15.0 s, decreasing to 0.09 at 15.5 s and 

then increasing to 0.18 at 19.5 s. The speed oscillates between 0.09 and 0.22 from 294.5 s to 

399.5 s as indicated in Figure 3.7c. For all PCI values, there are road segments where the speed is 

constant such as between −2022.5 m and −237.5 m at 397.0 s when 𝑃𝐶𝐼 = 0, between 

−1922.7 m and −245.5 m at 395.0 s when 𝑃𝐶𝐼 = 50, and between −1953.75 m and −230.0 m 

at 390.0 s when 𝑃𝐶𝐼 = 100. 

Figure 3.8 gives the normalized speed with 𝑣𝑚𝑎𝑥 = 15.27 m/s and 𝑃𝐶𝐼 = 0, 50, and 100 for 

the proposed model. When 𝑃𝐶𝐼 = 0, the speed from 0.5 s to 15.0 s is 0.11, decreasing to 0.06 at 

15.5 s, and then increasing to 0.13 at 19.5 s. The speed oscillates between 0.04 and 0.20 from 

241.0 s to 399.0 s as indicated in Figure 3.8a. The speed behavior is similar when 𝑃𝐶𝐼 = 50. It is 

0.11 from 0.5 s to 15.0 s, decreasing to 0.06 at 15.5 s, and then increasing to 0.14 at 20.5 s. The 

speed oscillates between 0.04 and 0.20 from 267.5 s to 399.0 s as indicated in Figure 3.8b. Similar 

speed behavior also occurs when 𝑃𝐶𝐼 = 100. It is 0.11 from 0.5 s to 15.0 s, decreasing to 0.06 at 

15.5 s, and then increasing to 0.13 at 20.5 s. The speed oscillates between 0.05 and 0.18 from 

278.5 s to 399.5 as indicated in Figure 3.8c. For all PCI values, there are road segments where the 

speed is constant such as between −1945.4 m and −244.3 m at 391.0 s when 𝑃𝐶𝐼 = 0, between 

−1911.8 m and −239.7 m at 388.5 s when 𝑃𝐶𝐼 = 50, and between −1817.1 m and −371.4 m 

at 384.0 s when 𝑃𝐶𝐼 = 100. 
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(a) 

 

(b) 

 

(c) 

Figure 3.7 Normalized speed for the proposed model with 𝑣𝑚𝑎𝑥 = 12.50 m/s over a 3000 

m circular road, (a) 𝑃𝐶𝐼 = 0, (b) 𝑃𝐶𝐼 = 50, (c) 𝑃𝐶𝐼 = 100. 
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(a) 

 

(b) 

 

(c) 

Figure 3.8 Normalized speed for the proposed model with 𝑣𝑚𝑎𝑥 = 15.27 m/s over a 3000 

m circular road, (a) 𝑃𝐶𝐼 = 0, (b) 𝑃𝐶𝐼 = 50, (c) 𝑃𝐶𝐼 = 100. 
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(a) 

 

(b) 

 

(c) 

Figure 3.9 Normalized speed for the ID model over a 3000 m circular road, (a) 𝛿 = 1, (b) 

𝛿 = 4, (c) 𝛿 = 20. 
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Figure 3.9 gives the normalized speed for the ID model with 𝑣𝑚𝑎𝑥 = 20 m/s and 𝛿 = 1, 4, 

and 20. When 𝛿 = 1, the speed is 0.10 until 15.0 s and then increases to 0.11 at 21.0 s. The speed 

oscillates between 0.09 and 0.10 from 118.0 s to 149.5 s as shown in Figure 3.9a. When 𝛿 = 4, 

the speed is 0.09 until 15.0 s, decreasing to 0.05 at 15.5 s, and then increasing to 0.11 at 19.5 s. 

It oscillates between 0.08 and 0.11 from 122.5 s to 149.5 s as shown in Figure 3.9b. When 𝛿 =

20, the speed is 0.1 until 15.0 s, decreasing to 0.05 at 15.5 s, and then increasing to 0.11 at 20.5 s. 

It oscillates between 0.08 and 0.11 from 118.5 s to 150.0 s as indicated in Figure 3.9c. For all the 

values of 𝛿, there are road segments where the speed is constant such as between −2590.0 m and 

−322.0 m at 148.0 s when 𝛿 = 1, between −2498.0 m and −292.0 m at 147.0 s when 𝛿 = 4, 

and between −2594.0 m and −374.0 m at 149.0 s when 𝛿 = 20.  

The results for the proposed model indicate that pavement condition influences traffic flow as 

expected. In particular, the flow increases with speed as shown in Figures 3.2–3.4. The flow with 

the ID model increases with 𝛿, which is not based on traffic physics. Furthermore, the oscillations 

in speed with the proposed model vary with the PCI and decrease over time as the PCI increases, 

which is realistic. Conversely, the oscillations in speed with the ID model are the result of an 

arbitrary fixed parameter, and they increase over time as 𝛿 increases with no justification. This is 

an inadequate and unrealistic traffic characterization. 

3.3 Conclusion 

A microscopic traffic flow model was developed based on pavement condition. The PCI was used 

to characterize traffic behavior. The performance of the proposed model was evaluated and 

compared with that of the ID model. The results obtained demonstrate that the proposed model 

provides realistic traffic flow dynamics. In particular, the traffic flow under excellent pavement 

conditions (𝑃𝐶𝐼 = 100) is high while the flow under poor pavement conditions (𝑃𝐶𝐼 = 0) is low, 

as expected. Conversely, the ID model has a fixed acceleration exponent which does not reflect 

the relationship between flow and road condition. Furthermore, the oscillations in speed with the 

proposed model vary according to the pavement condition. They are negligible when the PCI is 

high, which is expected traffic behavior. In contrast, the ID model produces unrealistic speed 

oscillations based on 𝛿. The results given indicate that the proposed model can be used in traffic 

simulators for realistic and effective traffic prediction. 
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Chapter 4                                                                 

The Effect of Visibility on Road Traffic During 

Foggy Weather Conditions                                                                              

 

Adverse weather conditions and low intensity illumination cause poor visibility, which can lead to 

traffic congestion and compromise safety [59], [60]. One natural weather condition that poses a 

significant risk is fog. When fog forms on the surface, it appears as a cloud that reduces visibility 

and can lead to accidents on roads that are typically safe [59]. Reduced visibility increases the risk 

of rear-end crashes and multiple vehicle collisions [61], and results in long traffic queues that take 

more time to dissipate [62]. It is crucial that drivers be aware of weather conditions and adjust their 

driving behavior accordingly. Thus, a traffic model is required to characterize driver behavior 

accurately and realistically during poor visibility conditions. 

Road safety is a significant global concern as traffic accidents result in many serious injuries 

and fatalities. According to the U.S. Federal Highway Administration (FHWA), each year more 

than 38,700 vehicle accidents happen in foggy conditions, resulting in over 600 fatalities and more 

than 16,300 injuries [63]. It has been shown that the rate of traffic accidents is 35 times higher in 

fog compared to clear weather [64].  

Drivers obtain almost 90% of their traffic information through vision, and fog can 

significantly reduce their ability to perceive the surrounding environment [65]. The reduced 

visibility conditions caused by fog result in velocity (speed) reduction and increased delay. It has 

been reported that the velocity (speed) drops by 3.89 m/s when visibility is below 160 m [66]. The 

average distance headway is reduced by 19% and 33% in light and dense fog, respectively, 

compared to clear weather conditions [67]. Furthermore, fog can cause stop-and-go traffic 

behavior, which increases delay and thus fuel consumption [68]. 

Here, a microscopic traffic model is proposed to provide realistic traffic characterization based 

on the visibility in fog. The stability of the proposed model is analyzed and compared with the ID 

model. Results are presented which demonstrate that the proposed model realistically characterizes 

traffic behavior during foggy weather conditions. 
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 The remainder of the chapter is structured as follows. Section 4.1 presents the ID and 

proposed models. The stability of these models is examined in Section 4.2 and their performance 

is evaluated in Section 4.3. Finally, Section 4.5, concludes the chapter. 

4.1 Traffic Models 

The acceleration in the ID model is given by  

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

), (4.1) 

where 𝐷 can be expressed as [26] 

 
𝐷 = 𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏
 (4.2) 

The acceleration exponent 𝛿 is a constant and does not consider traffic physics, leading to an 

unrealistic and inadequate representation of traffic behavior. In particular, traffic behavior does not 

vary depending on factors such as reduced visibility due to foggy weather conditions. To address 

this issue, a variable exponent is proposed to accurately depict traffic behavior in such conditions. 

The time required by a driver to react and align to forward traffic conditions is known as the 

reaction time 𝑇𝑟 [69] and the distance covered during this time is known as the distance headway 

𝑠. Driver reaction is quick for a small distance headway as alignment occurs over a short distance 

and the driver has a less time to react to avoid a collision [70]. These factors affect driver behavior 

and vary based on the weather conditions. Thus, the acceleration exponent considering weather 

can be characterized as 

 
𝛿 =

𝑇𝑟

𝑠
(

𝑉𝑑

𝑉𝑑max

) (4.3) 

where 𝑉𝑑 is the visibility, that is, the distance a driver can see during fog as shown in Figure 4.1, 

and 𝑉𝑑max
 is the maximum visibility. According to the international classification of fog visibility 

[71], visibility can be classified as in Table 4.1. A longer visibility means a driver has more time 

to react to changes in forward traffic conditions, while a shorter visibility means they have less 

time to react and avoid potential hazards. 
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Figure 4.1 Visibility during fog. 

Substituting (4.3) in (4.1) gives the proposed model 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝑇𝑟
𝑠

(
𝑉𝑑

𝑉𝑑max
)

− (
𝐷

𝑠
)

2

). (4.4) 

which characterizes traffic based on visibility and so is more accurate and realistic than the ID 

model. With this model, acceleration varies according to the visibility unlike with the ID model. 

Table 4.1 International fog visibility classification [71]. 

Visibility Class 

< 40 m Dense fog 

40 − 200 m Thick fog 

200 − 1000 m Low or thin fog 
 

The traffic flow is the product of density and velocity (speed) [31] which gives 

 𝑄 =
𝑣

𝑠𝑒
 (4.5) 

At equilibrium ∆𝑣 = 0, so the distance headway for the proposed model at equilibrium is given 

by 

 

𝑠𝑒 = (𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝑇𝑟
𝑠

(
𝑉𝑑

𝑉𝑑max
)

)

−0.5 

 (4.6) 

Substituting, (4.6) in (4.5) gives the traffic flow for the proposed model as 
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 𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝑇𝑟
𝑠

(
𝑉𝑑

𝑉𝑑max
)

)

−0.5  

(4.7) 

This shows that the flow with the proposed model is based on visibility. In clear weather, it is large 

as 𝑉𝑑 = 𝑉𝑑max
, whereas in foggy weather the flow is smaller as 𝑉𝑑 < 𝑉𝑑max

. 

4.2 Traffic Models Stability 

In this section, the stability of the ID and proposed models is evaluated over a circular road of 

length 2200 m for 250 s. The ID model is evaluated for 𝛿 = 1, 4 and 40 and the proposed model 

is evaluated for 𝑉𝑑 = 30, 100, 300, 500, 700 and 1000 m as fog reduces visibility to below 1000 

m [71]. The time headway for both models is 1 s [35], and the minimum and maximum acceleration 

are 0.5 m/s2 and 3 m/s2, respectively [36]. The distance headway is 5 m [72], the vehicle length is 

4.5 m [73], and the jam spacing is 2 m [26]. According to the Ottawa Safety Council [74], the 

average driver reaction time is 2.5 s, so 𝑇𝑟 = 2.5 s. The initial equilibrium velocity (speed) is set 

to 18 m/s and a disturbance is induced at 20 s. The number of vehicles on the road is 51. The 

parameters are summarized in Table 4.2. 

Table 4.2 Stability analysis parameters. 

Parameter Value 

Initial equilibrium velocity (speed) 18 m/s 

Time headway for the ID and proposed models, 𝜏 1 s 

Distance headway for the proposed model, 𝑠 5 m 

Reaction time of a driver, 𝑇𝑟 2.5 s 

Jam spacing, 𝑠𝑗 2 m 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.5 m/s2 

Minimum acceleration (deceleration), 𝑏 3 m/s2 

Vehicle length, 𝐿 4.5 m 

Time step size, ∆𝑡 0.5 s 

Acceleration exponent, 𝛿 1, 4,  and 40 
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Visibility, 𝑉𝑑 30, 100, 300, 500, 700 and 1000 m 

Maximum visibility distance, 𝑉𝑑max
 1000 m 

 

  

                            (a)                                                           (b)                                                         (c)        

Figure 4.2 Vehicle trajectories with the ID model over time and space on a 2200 m circular 

road, (a) 𝛿 = 1, (b) 𝛿 = 4, (c) 𝛿 = 40. 

 

Figure 4.2 shows that with the ID model, the disturbance propagates into stop-and-go waves. 

Further, a larger value of 𝛿 results in greater traffic amplitudes. This is because acceleration and 

deceleration are more frequent, making the model unstable. In contrast to the ID model, Figure 4.3 

shows that with the proposed model amplification does not occur so it is stable. Disturbances are 

dissipated as expected preventing stop-and-go traffic from occurring.  

The unstable behavior of the ID model is due to the constant 𝛿 which is not based on traffic 

physics and so has no connection to real-world traffic. Conversely, the proposed model is stable 

even under foggy weather conditions because it is based on actual traffic parameters. 
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                                                (a)                                                                              (b)  

       

              (c)                                                                                (d) 

       

              (e)                                                                                 (f) 

Figure 4.3 Vehicle trajectories with the proposed model over time and space on a 2200 m 

circular road, (a) 𝑉𝑑 = 30 m, (b) 𝑉𝑑 = 100 m, (c) 𝑉𝑑 = 300 m, (d) 𝑉𝑑 = 500 m, (e) 𝑉𝑑 =

700 m and (f) 𝑉𝑑 = 1000 m. 
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4.3 Traffic Models Performance 

The performance of the ID and proposed models is evaluated over a 2200 m circular road for 250 

s using the explicit Euler scheme with a time step of 0.5 s. The simulation parameters are given in 

Table 4.3. The maximum velocity (desired speed) is set to 30 m/s [47]. As previously, the ID model 

is evaluated for 𝛿 =  1, 4, and 40, and the proposed model for 𝑉𝑑 = 30, 100, 300, 500, 700 and 

1000 m. The time headway for both models is 1 s [35], and the minimum and maximum 

acceleration are 0.5 m/s2 and 3 m/s2, respectively [36]. The distance headway is 5 m [72], the 

vehicle length is 4.5 m [73], the jam spacing is 2 m [26], and 𝑇𝑟 = 2.5 s. The number of vehicles 

on the road is 51. 

Table 4.3 Simulation parameters. 

Parameter Value 

Maximum velocity (desired speed), 𝑣𝑚𝑎𝑥 30 m/s 

Time headway for the ID and proposed model, 𝜏 1 s 

Distance headway for the proposed model, 𝑠 5 m 

Reaction time of a driver, 𝑇𝑟 2.5 s 

Jam spacing, 𝑠𝑗 2 m 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.5 m/s2 

Minimum acceleration (deceleration), 𝑏 3 m/s2 

Vehicle length, 𝐿 4.5 m 

Time step size, ∆𝑡 0.5 s 

Acceleration exponent, 𝛿 1, 4,  and 40 

Visibility, 𝑉𝑑 30, 100, 300, 500, 700 and 1000 m   

Maximum visibility distance, 𝑉𝑑(max) 1000 m 
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4.3.1 ID Model Performance 

Figure 4.4 presents the velocity (speed) evolution over time and space with the ID model on 

a 2200 m circular road. The initial queue velocity (speed) is zero which indicates congestion. For 

𝛿 =  1, the queue dissipates at 89.0 s as shown in Figure 4.4a and the velocity (speed) after 

dissipation is 11.95 m/s at 143.0 s. For 𝛿 =  4 and 40, the queue dissipates at 90.0 s as shown in 

Figures 4.4b and 4.4c. The corresponding velocity (speed) after dissipation ranges between 8.62 −

5.90 m/s and 6.88 − 1.37 m/s, respectively, as shown in Table 4.4. However, for both 𝛿 =  4 and 

40 a queue again develops at 217.0 s and 164.5 s, respectively, and persists until 250.0 s. 

To illustrate the queue length changes, the vehicle trajectories over time and space for the ID 

model are presented in Figure 4.5. The black trajectory represents the 1st vehicle while the others 

represent the following 50 vehicles. The results are summarized in Table 4.5. This shows that the 

queue length changes with 𝛿, and the length is longer for a larger value of 𝛿. 

 

                                             (a)                                                                        (b)  

 

  (c)  

Figure 4.4 Velocity (speed) evolution with the ID model over time and space on a 2200 m 

circular road, (a) 𝛿 = 1, (b) 𝛿 = 4, (c) 𝛿 = 40. 
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Table 4.4 ID model velocity (speed)  and time during and after the queue. 

Acceleration 

exponent 

𝜹 

Time for which congestion 

occurs 

(s) 

Velocity (speed) after 

congestion dissipates 

(m/s) 

Time of velocity 

(speed)  after 

congestion dissipates 

(s) 

1 0 − 89.0 11.95 143.0 

4 0 − 90.0 and 217.0 − 250.0 8.62 − 5.90 129.0 − 194.0 

40 0 − 90.0 and 164.5 − 250.0 6.88 − 1.37 112.5 − 151.5 

 

 

      (a)                                                                       (b) 

 

       (c)  

Figure 4.5 Vehicle trajectories over time and space for the ID model on a 2200 m circular 

road, (a) 𝛿 = 1, (b) 𝛿 = 4, (c) 𝛿 = 40. 
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Table 4.5 Queue length of the 1st, 23rd, and 51st vehicles for the ID model. 

Acceleration 

exponent 

𝜹 

Queue length of the 

𝟏st vehicle 

(s) 

Queue length of the 

𝟐𝟑rd vehicle 

(s) 

Queue length of the 

𝟓𝟏st vehicle 

(s) 

1 1.50 46.0 89.0 

4 2.50 48.5 90.0 

40 3.50 49.0 90.0 

 

Figure 4.6 presents the evolution of acceleration over time with the ID model at 𝛿 = 1, 4, and 

40. This shows that acceleration first decreases and then increases. The acceleration starts at 0.5 

m/s2 and the decrease is greater with a larger value of 𝛿. The variations increase with 𝛿 so they are 

greatest for 𝛿 = 40 ranging between 0.5 m/s2 and −3 m/s2. 

 

 

Figure 4.6 Acceleration temporal evolution of a single vehicle for the ID model on a 2200 

m circular road. 
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4.3.2 Proposed Model Performance 

Figure 4.7 presents the time and space velocity (speed) evolution of the queue for the proposed 

model on a 2200 m circular road. The congestion results are summarized in Table 4.6. For 𝑉𝑑 =

30 m, the queue does not dissipate, and congestion occurs from 0 − 250 s between −96 m and 

−6 m as shown in Figure 4.7a. For 𝑉𝑑 = 100 m, the queue does not dissipate. At 0 s, the velocity 

(speed) between −87 m and −3 m is 0 m/s while at 250.0 s it is 0 m/s from −87 m to −51 m, as 

shown in Figure 4.7b. For 𝑉𝑑 = 300 m, the queue dissipates at 201.5 s while for 𝑉𝑑 = 500, it 

dissipates at 152.0 s. The corresponding velocity (speed) after the queue dissipates is 1.36 m/s 

and 4.74 m/s as shown in Figures 4.7c and 4.7d, respectively. For 𝑉𝑑 = 700 m and 1000 m, the 

queue dissipates at 127.5 s and 108.0 s, respectively. The corresponding velocity (speed) after the 

queue dissipates is 6.29 m/s and 8.53 m/s as shown in Figures 4.7e and 4.7f, respectively. These 

results indicate that the velocity (speed) increases with an increase in visibility, as expected. 

Table 4.6 Proposed model velocity (speed) and time during and after the queue. 

Fog 
Visibility, 𝑽𝒅 

(m) 

Time for which 

congestion 

occurs 

(s) 

Velocity (speed)  

after congestion 

dissipates 

(m/s) 

Time of velocity 

(speed) after 

congestion dissipates 

(s) 

Dense 30 0 − 250.0 
Queue does not 

dissipate 
- 

Thick 100 0 − 250.0 
Queue does not 

dissipate 
- 

Thin 

300 0 − 201.5 1.36 224.0 

500 0 − 152.0 4.74 184.0 

700 0 − 127.5 6.29 163.5 

1000 0 − 108.0 8.53 152.5 
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(a)                                                                              (b) 

   

(c)                                                                                 (d) 

   

(e)                                                                                 (f) 

Figure 4.7 Velocity (speed) evolution over time and space for the proposed model on a 

2200 m circular road, (a) 𝑉𝑑 = 30 m, (b) 𝑉𝑑 = 100 m, (c) 𝑉𝑑 = 300 m, (d) 𝑉𝑑 = 500 m, 

(e) 𝑉𝑑 = 700 m and (f) 𝑉𝑑 = 1000 m. 
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Figure 4.8 presents the velocity (speed) evolution over time and space with the proposed 

model on a 2200 m circular road. The black trajectory represents the 1st vehicle while the other 

trajectories represent the following 50 vehicles. The results are summarized in Table 4.7 and show 

that the queue length decreases as the visibility 𝑉𝑑 increases. For 𝑉𝑑 = 30 m, the 1st vehicle is in 

the queue for 22 s, whereas the 23rd and 51st vehicles are in the queue for 250 s, whereas for 

𝑉𝑑 = 1000 m,  the 1st vehicle is in the queue for 5 s while the 23rd and 51st vehicles are in the 

queue for 56 s and 108 s, respectively. 

Figure 4.9 presents the temporal evolution of acceleration for the proposed model with 𝑉𝑑 =

30, 100, 300, 500, 700, and 1000 m. The initial acceleration is 0.5 m/s2 and changes over time 

according to 𝑉𝑑. For 𝑉𝑑 = 30 and 1000 m the acceleration is approximately constant, while with 

𝑉𝑑 =  300, 500, 700, and 1000 m there are greater variations. For instance, with 𝑉𝑑 = 300 m, the 

acceleration decreases from 0.5 m/s2 at 0.5 s to 0.2 m/s2 at 1.5 s and remains relatively constant 

until 172.5 s. The acceleration then decreases to −2.29 m/s2 at 208.5 s and then increases to 0.097 

m/s2 at 250 s. Similar patterns are observed for the other values of 𝑉𝑑, 500, 700, and 1000 m, as 

shown in Figure 4.9. 

 

Table 4.7 Queue length of the 1st, 23rd, and 51st vehicles for the proposed model. 

Fog 

 Visibility 

𝑽𝒅 

(m) 

Queue length of 

the 𝟏st vehicle 

(s) 

Queue length of 

the 𝟐𝟑rd vehicle 

(s) 

Queue length of 

the 𝟓𝟏st vehicle 

(s) 

Dense 30 22.0 250.0 250.0 

Thick 100 18.5 229.5 250.0 

Thin 

300 5.5 111.5 201.5 

500 5.0 72.5 152.0 

700 5.0 64.5 127.0 

1000 5.0 56.0 108.0 
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          (a)                                                                                 (b) 

   

          (c)                                                                                 (d) 

   

            (e)                                                                                 (f) 

Figure 4.8 Vehicle trajectories over time and space for the proposed model on a 2200 m 

circular road, (a) 𝑉𝑑 = 30 m, (b) 𝑉𝑑 = 100 m, (c) 𝑉𝑑 = 300 m, (d) 𝑉𝑑 = 500 m, (e) 𝑉𝑑 =

700 m and (f) 𝑉𝑑 = 1000 m. 
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Figure 4.9 Acceleration temporal evolution of a single vehicle for the proposed model on 

a 2200 m circular road. 

 

These results given in this section illustrate that when there is thin fog, the changes in velocity 

(speed) are small, as expected. However, with dense fog the visibility is low so these changes are 

large and cause congestion. This behavior is realistic as in dense fog drivers are unaware of forward 

traffic conditions and so cannot respond appropriately. Conversely, the velocity (speed) with the 

ID model is not realistic as it is based on the constant 𝛿. For example, large changes in velocity 

occur with 𝛿 = 4 and 40 and the traffic becomes congested. In addition, the vehicle trajectories 

for the ID model indicate that as 𝛿 increases the time vehicles are in queues increases, while with 

the proposed model as visibility increases this time decreases. Furthermore, the ID model causes 

large variations in acceleration which increase with 𝛿, whereas the proposed model has much 

smaller variations in acceleration. 
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4.4 Conclusion 

Poor visibility due to fog is a significant factor affecting traffic behavior and road safety. Here, a 

microscopic traffic model was proposed to characterize traffic during foggy weather based on 

visibility. The proposed model was evaluated for different visibility corresponding to dense, thick, 

and thin fog on a 2200 m circular road. The results obtained show that in dense fog changes in 

velocity (speed) are large as the visibility is low, whereas in thin fog the changes are small due to 

the better visibility, as expected. In contrast, with the ID model large changes in velocity (speed) 

occur which is unrealistic. Furthermore, as 𝛿 increases the time vehicles are in the queue increases. 

With the proposed model, as visibility increases the time vehicles are in a queue decreases, as 

expected. In addition, it was shown that the proposed model is more stable as small disturbances 

do not create stop-and-go traffic. 

The proposed model results in small changes in acceleration compared to the ID model. 

Increased acceleration leads to congestion, higher fuel consumption, and more pollution. 

Therefore, the proposed model can be used by traffic engineers to provide insights for improved 

transport network management which will benefit the environment.  
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Chapter 5                                                         

Effect of Human-Driven, Autonomous, and 

Connected Autonomous Vehicles on Highway 

Geometric Design Using a Spring-Mass Based 

Traffic Model 

 

The rapid urbanization worldwide and the increasing number of vehicles have exacerbated traffic 

problems such as congestion, pollution, and safety. Traditional traffic control and management 

technologies have had limited effect in mitigating these issues [31]. According to the U.S. 

Department of Transportation, in 2015, 94% of traffic accidents in the United States were due to 

human error  [8]. Further, about 80% of traffic accident deaths are due to the lack of connectivity 

between vehicles [11]. Driving systems such as AVs and CAVs have been developed that can 

reduce or eliminate human error associated with vehicle collisions [75]. 

Further, highway geometric design plays a critical role in traffic safety, operational efficiency, 

and vehicle performance, and with the rise of AVs and CAVs, its significance will grow even 

further [76]. Study shows that AVs require lower geometric design specifications and can lead to 

lower costs and higher traffic speeds than HVs [77]. The effect of AVs on vertical curves was 

investigated in [8] by considering the difference in reaction time between AVs and HVs. Whereas 

the effect of AVs on geometric elements such as sight distance and length of vertical curves was 

examined in [78] based on the reaction time and acceleration. However, the impact of AVs and 

CAVs on geometric design, particularly concerning horizontal highway curves still needs to be 

investigated. Horizontal curves are used on highways for alignment or changes in direction while 

vertical curves are used to change the slope [79]. Thus, a traffic model needs to be developed to 

investigate traffic flow on horizontal curves and determine the behavior of AVs and CAVs. 

Moreover, various traffic models have been developed as discussed in Chapter 1, however, all 

of them are based on fluid dynamics theory. Thus, they treat vehicular traffic flow as a 

compressible fluid based on the principles of fluid dynamics discussed in [80], [81]. However, 
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vehicle acceleration and deceleration behave like a mechanical system, i.e. a spring-mass system. 

Thus, a traffic model based on mechanical systems is proposed here. It is used to evaluate the 

traffic behavior on a horizontal curve. In particular, to compare the behavior of HVs, AVs, and 

CAVs on a horizontal curve via simulation in MATLAB. 

The remainder of this chapter is organized as follows. The traffic models are presented in 

Section 5.1. The behavior of HVs, AVs, and CAVs is evaluated in Section 5.2, and a conclusion is 

given in Section 5.3. 

5.1 Traffic Models  

The ID model is given by [26] 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

), (5.1) 

where 𝐷 is expressed as 

 
𝐷 = 𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏
 (5.2) 

As in the ID model, driver response to changes in traffic conditions is characterized by 𝛿, which 

is a constant. Thus, driver behavior is the same for different traffic conditions including horizontal 

highway curves, where the driving environment can significantly influence vehicle movement. 

This results in unsuitable traffic behavior which is not related to traffic physics. 

Driver response is affected by the distance required for vehicles to align to changes in traffic 

conditions. This is analogous to a spring-mass system. When a force is applied to a mass 𝑚 

attached to a spring, the spring stretches. This stores potential energy in the spring which is released 

as kinetic energy when the force is removed, causing the mass to oscillate. This is analogous to 

traffic flow as shown in Figure 5.1. When the distance headway 𝑠 is large, traffic accelerates so 

the speed increases. When the speed decreases, the distance headway is reduced until the safe 

distance headway 𝑠′ is achieved. Thus, 𝑠 fluctuates around 𝑠′ according to the speed. When 𝑠 is 

larger than 𝑠′, vehicles accelerate, and they decelerate when 𝑠 is smaller than 𝑠′. Considering this 

analogy between a spring-mass system and traffic behavior, Hooke’s law [82] for traffic flow can 

be expressed as 
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𝑎 =

𝐾

𝑚
(𝑠 − 𝑠′) 

 

(5.3) 

where 𝑎 is the acceleration analogous to driver response, 𝑚 is the vehicle mass, and 𝐾 is the spring 

constant. The sensitivity defined as 𝜉 =
𝐾

𝑚
 is analogous to the reaction of a driver to changes in 

traffic conditions. 

 

Figure 5.1 Spring-mass phenomena in traffic flow. 

Research shows that AVs react to changes in traffic conditions much faster than HVs [9]. For 

example, HV reaction time is in the range 1.1 − 1.6 s whereas AV reaction time is about 0.5 s and  

CAV reaction time is only 0.1 s [9]. 

From (5.3), driver response has the form  

 𝜉(𝑠 − 𝑠′) (5.4) 

A large distance headway results in a small traffic density 𝜌, whereas the density is maximum 

when the distance headway is smallest, i.e. 𝑠 = 1/𝜌 [47]. Traffic flow 𝑄 is the product of speed 

and density [31], so (5.4) can be expressed as  

 𝜉 (
𝑣

𝑄
− 𝑠′) (5.5) 

In addition, traffic flow is large with a small time headway 𝜏 and vice versa. Thus, flow is inversely 

proportional to time headway [83], so (5.5) becomes  

 𝜉(𝑣𝜏 − 𝑠′) (5.6) 

The change in distance with time results in speed (velocity) change, which gives 𝑆/𝜏 = 𝑣 [47]. 

Thus, (5.6) can be written as 
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 𝜉(𝑆 − 𝑠′) (5.7) 

and from the equation of motion [84]  

 
𝑆 = 𝑣𝜏 +

1

2
𝑎𝜏2 (5.8) 

Substituting (5.8) in (5.7) gives 

 
𝜉 (𝑣𝜏 +

𝑎𝜏2

2
− 𝑠′) (5.9) 

A vehicle travelling around a horizontal curve develops a centrifugal force [85] 

 
𝐹′ =

𝑚𝑣2

𝑅
 (5.10) 

where 𝑅 is the radius of the curve which is given by [86], [87] 

 

 
𝑅 =

𝑣2

𝑔(𝑓 + 𝑒)
 (5.11) 

In (5.11), 𝑔 = 9.8 m/s2 is the gravitational acceleration, 𝑓 is the friction coefficient, and 𝑒 is the 

superelevation as shown in Figure 5.2. According to the U.S. FHWA, 𝑒 ranges from 0.012 m to 

0.036 m and is based on parameters such as climate and traffic speed. The value of 𝑒 for normal 

weather conditions and high speeds is larger than for adverse weather conditions and low speeds 

[88]. 

 

Figure 5.2 Centrifugal force and highway superelevation. 

Substituting (5.11) in (5.10) gives 

 𝑎 = 𝑔(𝑓 + 𝑒) (5.12) 
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and substituting this in (5.9), we have  

 

 
𝜉 (𝑣𝜏 +

𝜏2𝑔(𝑓 + 𝑒)

2
− 𝑠′) (5.13) 

The proposed model is obtained by replacing 𝛿 in (5.1) with (5.13) which gives 

 
𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝜉(𝑣𝜏+
𝜏2𝑔(𝑓+𝑒)

2
 −𝑠′)

− (
𝐷

𝑠
)

2

). (5.14) 

With this model, traffic is characterized based on the reaction time and geometric design which is 

more realistic than the fixed 𝛿 in the ID model. Further, traffic behavior varies according to the 

geometric design whereas the ID model does not consider the type of road. 

For the proposed model, traffic flow can be expressed as [89] 

 

 
𝑄 =

𝑣

𝑠𝑒
 (5.15) 

where 𝑠𝑒 is the distance headway at equilibrium and is given by 

 

 𝑠𝑒 = (𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝜉(𝑣𝜏+
𝜏2𝑔(𝑓+𝑒)

2
 −𝑠′)

)

−
1
2

 (5.16) 

Substituting this in (5.15) gives the flow for the proposed model as 

 

 

𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

𝜉(𝑣𝜏+
𝜏2𝑔(𝑓+𝑒)

2
 −𝑠′)

)

−
1
2

 

(5.17) 

Thus, traffic flow is influenced by the geometric design and reaction time. Vehicles with a large 

reaction time will behave differently on horizontal curves compared to those with a short reaction 

time. This is more realistic than the ID model which characterizes traffic flow based on constant 𝛿 

and so cannot produce acceptable traffic behavior on horizontal curves. 

5.2 Traffic Models Performance 

In this section, the performance of the proposed model with HVs, AVs, and CAVs is evaluated. In 

addition, the performance of CAVs is considered with different time headway 𝜏 values and 

compared with the ID model for 𝛿 = 1, 4, and 80.  Results are obtained for a 1300 m circular road 
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and time duration 150 s using the explicit Euler scheme with time step 0.5 s [47]. The friction 

coefficient employed is 0.7 which is a typical value for dry roads [90], [91] and the maximum 

speed (desired speed) is 30 m/s [47]. The maximum acceleration and deceleration are 0.73 m/s2 

and 1.67 m/s2, respectively [26]. The time headway adjusts based on the traffic conditions and is 

typically between 0.5 s and 2.6 s [92]. The vehicle length is 4.5 m [73] and the maximum 

normalized density is 
1

𝑠𝑗
= 0.2. Spacing during traffic jams varies between 2 m and 7m [26], [47], 

so 5 m is used here. The simulation parameters are given in Table 5.1. 

Table 5.1 Simulation parameters. 

Parameter Value 

Maximum speed (desired speed), 𝑣𝑚𝑎𝑥 30 m/s 

Time headway, 𝜏 0.5, 1, 2 and 2.5 s 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.73 m/s2 

Friction coefficient, 𝑓 0.7  

Superelevation rate, 𝑒 0.036 m 

Spacing during jam, 𝑠𝑗 5 m 

Minimum acceleration (deceleration), 𝑏 1.67 m/s2 

Vehicle length, 𝐿 4.5 m 

Reaction time of HVs, 𝜉 1.6 s 

Reaction time of AVs, 𝜉 0.5 s 

Reaction time of CAVs, 𝜉 0.1 s 

Maximum normalized density, 𝜌𝑚 =
1

𝑠𝑗
  0.2  

Acceleration exponent, 𝛿 1, 4 and 80 

Time step size, ∆𝑡 0.5 s 
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5.2.1 Performance with HVs, AVs, and CAVs 

 

Figure 5.3 Temporal and spatial speed with HVs (𝜉 = 1.6 s) at time headway 𝜏 of 1 s over 

a 1300 m circular road. 

 

Figure 5.4 Temporal and spatial speed with AVs (𝜉 = 0.5 s) at time headway 𝜏 of 1 s over 

a 1300 m circular road. 



73 

 

 

Figure 5.5 Temporal and spatial speed with CAVs (𝜉 = 0.1 s) at time headway 𝜏 of 1 s 

over a 1300 m circular road. 

The speed over a 1300 m circular road for 150 s with HVs, AVs, and CAVs is given in Figures 

5.3, 5.4, and 5.5, respectively. These results show that the speed oscillates over time and space but 

the oscillations are greater with HVs and AVs. The oscillations are smaller with automated 

vehicles, particularly CAVs. Further, the highest speed with HVs is 9.4 m/s, AVs is 10.7 m/s, and 

CAVs is 7.6 m/s. Thus, CAVs provide the best performance. 

 

Figure 5.6 Temporal acceleration with HVs (𝜉 = 1.6 s), AVs (𝜉 = 0.5 s), and CAVs (𝜉 = 0.1 

s) for time headway 𝜏 = 1 s over a 1300 m circular road. 
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Figure 5.7 Temporal flow with HVs (𝜉 = 1.6 s), AVs (𝜉 = 0.5 s), and CAVs (𝜉 = 0.1 s) for 

time headway 𝜏 = 1 s over a 1300 m circular road. 

Figures 5.6 and 5.7 give the proposed model acceleration and flow, respectively, with HVs, 

AVs, and CAVs for 150 s. These results show that the oscillations in acceleration and flow with 

HVs are large. For example, the acceleration varies between 0.73 m/s2 and −1.67 m/s2 from 0 s 

to 150 s.  The acceleration oscillations with AVs are much smaller, i.e. between 0.53 m/s2 and 

−1.00 m/s2 from 53.5 s to 150 s. The corresponding flow varies between 0.002 and 0.009 from 

56.0 s to 150 s and this is similar to the results for HVs. With CAVs the oscillations in acceleration 

are minimal and the acceleration is approximately 0.002 m/s2 from 16.0 s to 81.0 s. 

The results presented in this section show that AVs tend to maintain higher speeds on 

horizontal curves compared to HVs and CAVs. This is because AVs follow predefined rules and 

algorithms without human intervention and thus can navigate curves at higher speeds. However, 

at higher speeds horizontal curves can lead to traffic accidents as these curves are designed to 

facilitate gradual turns rather than fast maneuvers. Vehicles with higher speeds can misjudge the 

curvature, increasing the risk of accidents. HVs have lower speeds compared to AVs as drivers 

choose to reduce their speed due to safety concerns or uncertainty about the road ahead. However, 
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HV speed oscillations are larger due to driver reaction to various road conditions. CAVs have 

slower and more stable speeds compared to AVs and HVs as they prioritize safety and efficiency 

over speed. This results in smaller oscillations due to their ability to communicate with other 

vehicles and infrastructure. 

Figures 5.6 and 5.7 show that the variations in acceleration and flow with CAVs are much 

smaller than with HVs and AVs. Overall, the results obtained show that CAVs have better 

performance on the horizontal curves compared to HVs and AVs. 

5.2.2 Comparison of Proposed Model and ID Model 

In this section, the traffic behavior of the proposed model considering CAVs and the ID model is 

examined. The CAVs are chosen as they have superior performance on horizontal curves. The 

simulation parameters in Table 5.1 are employed and a platoon of 25 vehicles is considered. Figure 

5.8 gives the spatial and temporal evolution of speed with CAVs for  𝜏 = 0.5, 1, 2, and 2.5 s. When 

𝜏 = 0.5 s, the speed is zero, which results in congestion as the vehicles are not moving. At 𝜏 = 1 

s, congestion occurs from 0 s to 85.0 s. The vehicles move slowly and the maximum speed is 7.4 

m/s. With 𝜏 = 2 s, the congestion dissipates after 65.0 s and the vehicles move at speeds from 6.6 

m/s to 17.2 m/s. At 𝜏 = 2.5 s, the vehicles accelerate rapidly and reach a maximum speed of 21.2 

m/s. There is no congestion after 70.5 s. Figures 5.8 indicate that an increase in 𝜏 results in an 

increase in speed. 

 

                                                  (a)                                                                               (b) 
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 (c)                                                                  (d)  

Figure 5.8 CAVs speed with proposed model over time and space for, (a) 𝜏 = 0.5 s (b) 

𝜏 = 1 s, (c) 𝜏 = 2 s, and (d) 𝜏 = 2.5 s. 

Figure 5.9 depicts the spatial and temporal evolution of speed with the ID model for 𝛿 = 1, 4 

and 80. When 𝛿 = 1, congestion occurs from 0 s to 57.5 s. After congestion, vehicles move 

slowly, and the maximum speed is 23.5 m/s. At 𝛿 = 4, the congestion dissipates after 58 s and the 

vehicles move at speeds from 11.8 m/s to 27.5 m/s. At 𝛿 = 80, congestion occurs from 0 s to 58 

s, however, congestion occurs again from 140 s and increases over time. Figures 5.9 indicate that 

an increase in 𝛿 results in an increase in speed and traffic congestion appears, which is not a 

representative of real traffic dynamics. 

 

                      (a)                                                          (b)                                                            (c) 

Figure 5.9 ID model speed over time and space for, (a)  𝛿 = 1, (b) 𝛿 = 4, and (c) 𝛿 = 80.        

5.3 Conclusion 

The traditional traffic models are all based on fluid dynamics, however, vehicle acceleration and 

deceleration behave like a spring-mass system. In this work, a microscopic traffic model was 
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developed based on Hooke’s law for a spring-mass system to improve the ID model by addressing 

its limitations, such as the unrealistic assumption of a constant exponent 𝛿 and the dependence on 

fluid dynamics. This new model was used to investigate the behavior of HVs, AVs, and CAVs on 

horizontal curves as they are crucial for traffic safety and operational efficiency. Simulation results 

indicate that CAVs perform better than HVs and AVs on horizontal curves. In particular, the speed 

with CAVs is lower and more stable which allows for safer maneuvering. CAVs also have smaller 

speed and flow oscillations which reduces the probability of congestion. This is because CAVs can 

coordinate with other vehicles and infrastructure to adjust speeds and maintain safe distance 

headway, resulting in a smooth flow. CAVs also have smaller acceleration and deceleration on 

horizontal curves which reduces fuel consumption and consequently traffic emissions, contributing 

towards a more sustainable environment. Furthermore, the comparison between the proposed 

model and the ID model highlights that the new model outperforms the ID model and provides 

more accurate and realistic traffic behavior.  
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Chapter 6                                                                 

The Effect of Connected Autonomous Vehicles at 

Bottlenecks and the Impact of Cyberattacks 

 

Traffic bottlenecks significantly reduce the safety and efficiency of transportation systems [93]–

[95]. At bottlenecks, flow is restricted due to accidents, reduced speed limits, and lane merging 

and closure [93], [96], which lowers road capacity. When the upstream traffic demand surpasses 

the bottleneck capacity, vehicles form a queue upstream, leading to congestion [97], [98]. Further, 

when a downstream vehicle approaches a bottleneck, the speed is reduced resulting in shockwaves. 

These waves propagate upstream and increase the risk of collisions [96]. Traffic congestion due to 

bottlenecks causes delays, which according to the U.S. Urban Mobility Report has doubled from 

1982 to 2019 [99]. To address this issue, safety management and control measures such as ramp 

metering, variable speed limit (VSL) control, and dynamic routing have been adopted [94], [96]. 

However, their effectiveness is limited by the VSL range and maximum queue length permitted on 

a ramp  [93]. 

The recent introduction of CAVs has led to the development of methods to improve traffic 

flow efficiency at bottlenecks [100]. These typically involve CAV trajectory planning and merging 

control, and have been shown to provide effective congestion control  [101], [102]. Connected 

vehicles can obtain downstream traffic information beyond visual perception, and can increase 

road capacity and decrease emissions by reducing time headway and improving reaction time and 

sensitivity to changing traffic conditions [103]. However, the connected vehicle environment is 

susceptible to cybersecurity threats.  

Therefore, this chapter presents a microscopic traffic model to investigate the behavior of 

CAVs at bottlenecks considering cyberattacks. This is based on data collected from a sensor node 

installed on University Road in Peshawar, Pakistan. This is the main city road that connects various 

government organizations and educational institutions. Thus, creates the highest traffic volumes in 

the city which results in frequent bottlenecks. The data are analyzed as in [104] and the traffic 

parameters are integrated with the ID model to obtain a new model. The performance of the 

proposed and ID models is evaluated over a circular road. 
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The rest of this chapter is structured as follows. Section 6.1 details cyberattacks in CAVs and 

Section 6.2 presents the traffic models. The proposed and ID models are evaluated in Section 6.3, 

and Section 6.4 concludes the chapter. 

6.1 Connected Autonomous Vehicle (CAV) Cyberattacks 

Cyberattacks on CAVs attempt to exploit vulnerabilities in vehicle software, digital systems, 

and/or communication networks to disrupt functionality, compromise safety, and/or gain 

unauthorized access to sensitive data [105]. The potential attacks are spoofing, denial-of-service 

(DOS), malware injection, and jamming [106], [107]. Spoofing can compromise GPS data to 

corrupt vehicle navigation [108]. A DOS attack can overload systems to degrade services such as 

communication. Vehicle control can be lost due to malware. Incorrect data can be communicated 

to neighboring vehicles, which can lead to accidents [109]. Thus, robust cybersecurity measures 

are required to address these attacks and assess their impact on traffic dynamics.  

The threshold (intensity) of a cyberattack is determined based on the impact of an attack on 

the system, the potential for propagation, and the cumulative effect. The factors considered are 

attacked exposed surface (ES), severity impact (SI), propagation rate (PR), detection latency (DT), 

impact scope (IS), and recovery time (RT) [107], [109]–[111]. This includes the potential number 

of interfaces and systems that can be attacked, the impact on safety and function, the speed and 

spread of the attack, the time taken to detect the attack, the vehicles and infrastructure affected, 

and the time taken to recover. The cyberattack intensity is expressed as 

 
𝑐 = 𝑤1𝐸𝑆 + 𝑤2𝑆𝐼 + 𝑤3𝑃𝑅 + 𝑤4

1

𝐷𝑇
+ 𝑤5

1

𝑅𝑇
+ 𝑤6𝐼𝑆    (6.1) 

where 𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5, and 𝑤6 are weights based on the severity and importance of the factors. 

ES and SI are integers, PR is the percentage of the systems affected, DT and RT are measured in 

minutes, and IS ranges from 1 to 10. A larger value of 𝑐 indicates a more severe attack. The factors 

considered are 𝐸𝑆 = 6, 𝑆𝐼 = 7, 𝑃𝑅 = 67.21%, 𝐷𝑇 = 3 min, 𝑅𝑇 = 21 min, and 𝐼𝑆 = 10. The 

corresponding weights are 𝑤1 = 1, 𝑤2 = 1.4, 𝑤3 = 1.1, 𝑤4 = 0.7, 𝑤5 = 0.7 and 𝑤6 = 1. This 

results in 𝑐 = 100 so the attack is severe. If the propagation rate is reduced to 𝑃𝑅 = 3.57%, the 

cyberattack severity is 𝑐 = 30. These intensity values are considered here to evaluate the impact 

of cyberattacks on traffic. 
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6.2 Traffic Models 

The ID model is defined as [26] 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

), (6.2) 

where 𝐷 is given by [26] 

 
𝐷 = 𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏 
 (6.3) 

The driver response with the ID model depends on the constant 𝛿. Thus, driver behavior is the 

same for all traffic conditions, regardless of whether the traffic is moving freely or experiencing a 

bottleneck, which is not realistic. Actual driver behavior varies according to the traffic conditions. 

Near a bottleneck, drivers become cautious and reduce their speed, whereas in free-flow traffic, 

drivers are more aggressive and can maintain high speeds. Therefore, 𝛿 should vary with changes 

in flow and density to reflect real-world traffic behavior. Further, the ID model was developed to 

simulate human-driven vehicle dynamics and so does not adequately account for the advanced 

communication and cooperative abilities of CAVs, which is crucial in complex traffic 

environments. This model also does not capture the decision-making and coordination behavior of 

CAVs in scenarios like bottlenecks. 

Here, an acceleration exponent 𝛿 for realistic characterization of traffic at bottlenecks is 

proposed based on changes in traffic density and flow. The flow 𝑄 and density 𝜌 were obtained 

from a sensor node installed at University Road, Peshawar, with GPS coordinates 

33.99841270487691 latitude and 71.47962908395094 longitude [104]. Data were collected 

for a week from 9: 00 AM to 4: 00 PM which corresponds to high traffic volumes in the area and 

so provides the most important traffic conditions. The flow and density were measured and 

transferred to the ThingSpeak cloud platform. Regression analysis was performed to model the 

relationship between 𝑄 and 𝜌. Linear, exponential, polynomial, logarithmic, and power models 

were considered. It was determined that a second-order polynomial provides the best fit and is 

given by [104] 

 𝑄 = −44.34𝜌2 + 80.02𝜌 + 1.628 (6.4) 

This indicates that as density increases, the traffic flow becomes congested, which indicates a 

bottleneck. Differentiating (6.4) with respect to density gives 
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 𝑑𝑄

𝑑𝜌
 = −88.68𝜌 + 80.02  

A larger distance headway results in fewer vehicles on the road, and therefore the density is small. 

Conversely, a small distance headway means vehicles are closely packed, so the density is high. 

Therefore, substituting 𝜌 = 1/𝑠 [47], we obtain 

 𝑑𝑄

𝑑𝜌
= −

88.68

𝑠
+ 80.02 (6.5) 

Driver reaction also affects traffic at bottlenecks [112] and is influenced by the ratio of distance 

headway 𝑠 to desired distance headway 𝐷 [113]. Thus, the proposed acceleration exponent 𝛿 is 

 
𝛿 = (−

88.68

𝑠
+ 80.02) (

𝑠

𝐷
) 𝜉 (6.6) 

where 𝜉 is the CAV reaction time. This is smaller than the reaction time for human-driven vehicles 

as sensors and communication technology are used to process and respond to traffic conditions 

much faster than humans. CAVs have a reaction time of approximately 0.1 s, which is almost 

instantaneous. This is due to their ability to exchange data continuously and rapidly with other 

vehicles and infrastructure in the environment [9]. 

The value of 
𝑠

𝐷
 is between 0 and 1. When 

𝑠

𝐷
= 0, there is no velocity change. In this case, 

density is maximum, i.e., there is congestion with minimal vehicle movement. When 
𝑠

𝐷
= 1, 

velocity changes occur quickly so the traffic flow is smooth and the maximum speed is attained. 

When 𝑠 ≪ 𝐷, vehicles are closely packed, which can create bottlenecks. Substituting (6.6) in (6.2), 

the proposed model for bottlenecks is obtained as 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(−
88.68

𝑠
+80.02)(

𝑠
𝐷

)𝜉

− (
𝐷

𝑠
)

2

), (6.7) 

This model characterizes traffic flow at bottlenecks based on the reaction time and distance 

headway and is more realistic than the constant 𝛿 in the ID model. With the proposed model, traffic 

behavior at bottlenecks varies according to the reaction time and distance headway whereas the ID 

model produces similar behavior for all traffic conditions. Further, the proposed model can account 

for CAVs dynamically adjusting their headway and speed based on traffic conditions, leading to 

better flow and less congestion, which is not possible with the ID model. It can also characterize 

CAV reactions to bottlenecks. 

Traffic flow is given by 𝑄 = 𝑣/𝑠𝑒 [31], where 𝑠𝑒 is expressed as 
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𝑠𝑒 = (𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(−88.68
𝑠 +80.02)(

𝑠
𝐷

)𝜉
)

−
1
2

 
(6.8) 

This shows that with the proposed model, distance headway between vehicles at equilibrium is 

based on the reaction time of CAVs and is more realistic than the constant 𝛿 in the ID model. The 

flow for the proposed model is then 

 𝑄 =
𝑣

(𝑠𝑗 + 𝜏𝑣) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(−88.68
𝑠 +80.02)(

𝑠
𝐷

)𝜉
)

−
1
2

 
      (6.9) 

CAV behavior can be affected by cyberattacks. In a connected vehicle environment, vehicle 

alignment relies on real-time data exchange, particularly the distance headway information 

communicated between vehicles. When this information is accurate and readily accessible, the 

system functions normally, enabling vehicles to effectively adjust their speed and behavior [114]. 

Conversely, if the distance headway is inaccurate or unavailable due to cyberattacks, the system 

does not function properly. This results in inefficient vehicle behavior and delayed reactions [114]. 

Thus, the impact of these attacks in the proposed model (6.7) can be expressed as 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(−
88.68

𝑠
+80.02)(

𝑠
𝐷

)𝜉

− (
𝐷

𝑠
)

2

) + 𝑐 (
𝑠

𝐷
) 𝜉       (6.10) 

where 𝑐 is the cyberattack intensity that ranges between 0 and 100. 𝑐 = 0 indicates that the 

vehicles behave normally, whereas 𝑐 = 100 signifies that the vehicles are affected significantly 

by the attack. During a cyberattack, the distance headway and reaction time are manipulated so the 

information communicated in the system is corrupted. 

6.3 Performance  

The performance of the proposed and ID models is evaluated on a 1000 m circular road for 200 s 

using the Euler technique. The proposed model is evaluated for a platoon of 40 CAVs with time 

headway 1 s, jam spacing 1.5 m [115], and reaction time 0.1 s [9]. The ID model is evaluated for 

a platoon of 36 vehicles with time headway 2 s [116] and jam spacing 2 m  [26] so the platoons 

have the same length. The number of vehicles on the road was obtained by dividing the road length 

by the equilibrium distance headway 𝑠𝑒 . The value of 𝑠/𝐷  ranges between 0 and 1, so here 0.2, 

0.5, and 0.8 are used. 𝛿 is set to 1, 4, and 100. To assess the impact of cyberattacks, the intensity 

from (6.1) is 30 and 100. The simulation parameters are given in Table 6.1 and the circular road 

considered is illustrated in Figure 6.1. 
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Table 6.1 Simulation parameters. 

Parameter Value 

Maximum speed (desired speed) for the ID model, 𝑣𝑚𝑎𝑥 30 m/s  [53] 

Maximum speed (desired speed) for the proposed model, 𝑣𝑚𝑎𝑥 20 m/s [32] 

Time headway for the proposed model, 𝜏 1 s 

Time headway for the ID model, 𝜏 2 s 

Maximum acceleration, 𝑎𝑚𝑎𝑥 0.73 m/s2 [26] 

Jam spacing for the proposed model, 𝑠𝑗 1.5 m 

Maximum normalized density for the proposed model, 𝜌𝑚 = 1/𝑠𝑗 0.67  

Jam spacing for the ID model, 𝑠𝑗 2 m 

Maximum normalized density for the ID model, 𝜌𝑚 = 1/𝑠𝑗 0.5  

Minimum acceleration (deceleration), 𝑏 1.67 m/s2 [26] 

Vehicle length, 𝐿 4.5 m 

CAV reaction time, 𝜉 0.1 s 

Ratio of distance headway to desired distance headway, 𝑠/𝐷 0.2, 0.5, and 0.8  

Time step size, ∆𝑡 0.5 s [47] 

Cyberattack intensity, 𝑐 30 and 100 
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Figure 6.1 The simulation environment with a circular road. 

Figure 6.2 presents the flow versus density with the proposed and ID models for 𝑠/𝐷 =

0.2, 0.5, and 0.8, and 𝛿 = 1, 4, and 100, and the results are summarized in Tables 6.2 and 6.3, 

respectively. These show that with the proposed model, the maximum flow increases as 𝑠/𝐷 

increases, whereas the critical density decreases. Similar behavior is observed with the ID model 

as 𝛿 increases. However, the road capacity with the proposed model is higher. As the density 

increases, the distance headway decreases, and thus 𝑠/𝐷 is smaller. In dense traffic (𝑠/𝐷 = 0.2), 

the capacity with the proposed model is 1.4 times higher than the capacity with the ID model for 

𝛿 = 100. 
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Table 6.2 Maximum traffic flow and critical density for the proposed model. 

 

𝒔/𝑫 Maximum Traffic Flow 

(veh/s) 
Critical  Density 

0.2 0.67 0.11 

0.5 0.83 0.08 

0.8 0.86 0.07 

 

Table 6.3 Maximum traffic flow and critical density for the ID model. 

Acceleration Exponent 

𝜹 

Maximum Traffic Flow 

(veh/s) 
Critical Density 

1 0.38 0.05 

4 0.45 0.03 

100 0.48 0.01 

 

 

(a) 
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(b) 

Figure 6.2 Fundamental diagram with the (a) proposed model and (b) ID model. 

Figure 6.3 presents the proposed model speed behavior on a 1000 m circular road for 𝑠/𝐷 =

0.2, 0.5, and 0.8. This shows that as 𝑠/𝐷 increases, i.e., traffic approaches free flow and the speed 

becomes smooth over time, which is realistic. Conversely, with the ID model, traffic does not 

evolve towards a constant speed, and the variations increase over time and space with an increase 

in 𝛿, as indicated in Figure 6.4. Figure 6.3a shows that with 𝑠/𝐷 = 0.2, the speed is between 17.9 

m/s and 16.7 m/s from 1.0 s to 31.0 s, and there are small variations in speed. As 𝑠/𝐷 increases, 

these variations decrease, and at 𝑠/𝐷 = 0.8, the speed is approximately 17.9 m/s from 77.0 s to 

200 s. With the ID model, for 𝛿 = 1, the speed varies between 9.9 m/s and 10.2 m/s from −1000 

m to 0 m at 196.0 s as shown in Figure 6.4a. As 𝛿 increases, the variations in speed increase, and 

with 𝛿 = 100, the speed is between 9.6 m/s and 10.6 m/s with a difference of 1 m/s from −1000 

m to 0 m at 198.0 s as indicated in Figure 6.4c. This shows that the variations in speed are smaller 

with the proposed model. Further, both the proposed and ID models have a temporary decrease in 

speed due to the disturbance at 30.5 s. However, the proposed model recovers more quickly from 

this disturbance as the variations in speed are smaller. 
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(a) 

 

(b) 

 

(c) 

Figure 6.3 Traffic speed behavior with the proposed model for (a) 
𝑠

𝐷
= 0.2, (b) 

𝑠

𝐷
= 0.5, 

and (c) 
𝑠

𝐷
= 0.8 on a 1000 m circular road. 



88 

 

 

(a) 

 

(b) 

 

(c) 

Figure 6.4 Traffic speed behavior with the ID model for (a) 𝛿 = 1, (b) 𝛿 = 4, and (c) 𝛿 =

100 on a 1000 m circular road. 
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Figure 6.5 presents the traffic acceleration on a 1000 m circular road for 𝑠/𝐷 = 0.2, 0.5, and 

0.8. This shows that when 𝑠/𝐷 = 0.2, CAV acceleration variations are small and range from 0.07 

m/s2 to −0.05 m/s2 at 1.0 s. This is because, in high-density traffic, CAVs operate at slower speeds 

and are required to stop frequently. Conversely, at moderate (𝑠/𝐷 = 0.5) and low (𝑠/𝐷 = 0.8) 

densities, CAV acceleration varies between 0.21 m/s2 and −0.18 m/s2, and 0.30 m/s2 and −0.30 

m/s2, respectively, at 1.0 s. This is because a decrease in density reduces CAV constraints due to 

surrounding vehicles. This allows the CAVs to accelerate to higher speeds. However, for all values 

of 𝑠/𝐷, the variations in acceleration and deceleration decrease over time and are almost zero at 

200 s. This is because CAVs can quickly stabilize their speeds and spacing due to their excellent 

reaction time. In addition, the adaptive behavior of CAVs based on sensor inputs such as radar and 

LiDAR allows them to adjust their speeds and distances relative to their surroundings. Conversely, 

the ID model results in larger acceleration and deceleration that increase over time as shown in 

Figure 6.6. With 𝛿 = 1, the acceleration varies between 0.01 m/s2 and −0.02 m/s2 at 200 s. These 

variations increase with 𝛿 as with 𝛿 = 4 and 100, it is between 0.06 m/s2 and −0.08 m/s2 and 0.1 

m/s2 to −0.1 m/s2, respectively, at 200 s. 

  

 

Figure 6.5 CAV acceleration evolution over time with the proposed model for 𝑠/𝐷 =

0.2, 0.5, and 0.8 on a 1000 m circular road. 
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Figure 6.6 Temporal evolution of vehicle acceleration with the ID model for 𝛿 = 1, 4, and 

100 on a 1000 m circular road. 

Figures 6.7 and 6.8 show the traffic flow behavior on a 1000 m circular road with the proposed 

and ID models, respectively. Figure 6.7 indicates that the flow with the proposed model increases 

as the density decreases. In dense traffic (𝑠/𝐷 = 0.2), at −22 m, the maximum flow is 0.75 veh/s 

at 80.0 s. At a lower density (𝑠/𝐷 = 0.5), at −26 m, the maximum flow is 0.83 veh/s at 73.5 s, 

whereas for 𝑠/𝐷 = 0.8, it is 0.91 veh/s at −20 m and −79.0 s. Figure 6.8 shows that the maximum 

flow with the ID model for 𝛿 = 1 is 0.95 veh/s at −75.0 m and 100 s. For 𝛿 = 4, the maximum 

flow is 7.5 veh/s and there are variations from 58.0 s to 187.0 s between −84 m and −138 m, 

and from 167.5 s to 200 s between 837 m and 864 m. When 𝛿 = 100, the maximum flow is 11.2 

veh/s with variations from 56.0 s to 182.0 s between −27 m and −138 m, and from 163.0 s to 

200 s between 849 m and 858 m. This shows that an increase in 𝛿 increases the traffic flow as 

well as the variations. 
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(a) 

 

(b) 

 

(c) 

Figure 6.7 Traffic flow behavior of CAVs on a 1000 m circular road with the proposed 

model for (a) 
𝑠

𝐷
= 0.2, (b) 

𝑠

𝐷
= 0.5, and (c) 

𝑠

𝐷
= 0.8. 
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(a) 

 

(b) 

 

(c) 

Figure 6.8 Traffic flow behavior on a 1000 m circular road with the ID model for (a) 𝛿 =

1, (b) 𝛿 = 4, and (c) 𝛿 = 100. 
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Figure 6.9 presents the CAV flow behavior under a cyberattack at 𝑐 = 100 on a 1000 m 

circular road with the proposed model. This shows that the attack produces significant traffic 

variations, resulting in vehicle clusters at regular intervals. Further, the traffic flow increases as the 

density decreases. In dense traffic (𝑠/𝐷 = 0.2), the maximum flow is 1.50 veh/s, whereas at lower 

densities (𝑠/𝐷 = 0.5 and 0.8), the maximum flow is 2.39 veh/s and 3.26 veh/s, respectively. 

Figure 6.10 presents the corresponding CAV flow behavior under a cyberattack at 𝑐 = 30. This 

indicates that a smaller cyberattack intensity produces smaller variations in flow as the impact is 

less pronounced. It also shows that the flow with 𝑐 = 30 is smaller than at 𝑐 = 100. Further, the 

flow increases as the density decreases. In dense traffic (𝑠/𝐷 = 0.2), the maximum flow is 0.90 

veh/s, whereas at lower densities (𝑠/𝐷 = 0.5 and 0.8), the maximum flow is 1.33 veh/s and 1.65 

veh/s, respectively. 

 

                                           (a)                                                                                             (b) 

 

(c) 

Figure 6.9 Traffic flow behavior of CAVs on a 1000 m circular road with the proposed 

model under a cyberattack at 𝑐 = 100 for (a) 
𝑠

𝐷
= 0.2, (b) 

𝑠

𝐷
= 0.5, and (c) 

𝑠

𝐷
= 0.8. 
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                                            (a)                                                                                      (b) 

 

(c) 

Figure 6.10 Traffic flow behavior of CAVs on a 1000 m circular road with the proposed 

model under a cyberattack at 𝑐 = 30 for (a) 
𝑠

𝐷
= 0.2, (b) 

𝑠

𝐷
= 0.5, and (c) 

𝑠

𝐷
= 0.8. 

6.3.1 Discussion 

The results presented indicate that the road capacity with the proposed model is higher than with 

the ID model. Further, the variations in speed with the proposed model are small, and an 

approximately constant speed is achieved over time, which is realistic. Conversely, the ID model 

results in large speed variations that increase with 𝛿, so the traffic behavior is unrealistic. These 

variations produce significant acceleration and deceleration that increase over time as shown in 

Figure 6.6. Conversely, with the proposed model, the CAVs exhibit small variations in acceleration 

and deceleration that decrease over time. These variations are greater at lower densities (high 𝑠/𝐷) 

due to the increased freedom of movement, while at higher densities (low 𝑠/𝐷), the variations are 

smaller due to the need for closer coordination and smoother driving behavior. 

With the proposed model, a lower density results in increased traffic flow, which is consistent 

with traffic dynamics. With the ID model, the flow increases as 𝛿 increases, which results in 
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unrealistic behavior as 𝛿 does not represent real traffic dynamics. Moreover, the maximum speed 

with the proposed model is 18.0 m/s, but with the ID model, it is only 10.6 m/s as shown in Figure 

6.4c. The proposed model can incorporate CAVs, whereas the ID model is only applicable to HVs. 

This results in greater efficiency as CAVs can communicate and coordinate their behavior. 

The results for cyberattacks show that the proposed model produces realistic traffic flows. The 

variations are large when the attack intensity is high and small when the intensity is low. Thus, the 

proposed model can be used to effectively analyze and manage cybersecurity threats. 

6.4 Conclusion 

A microscopic model was developed to characterize traffic behavior at a bottleneck and evaluate 

the performance under cyberattacks. The results obtained show that the proposed model provides 

a realistic characterization of traffic at bottlenecks. In particular, the traffic flow is low in dense 

traffic (𝑠/𝐷 = 0.2) and increases as the density decreases (𝑠/𝐷 = 0.5 and 0.8), as expected. 

Conversely, the flow with the ID model is based on a constant 𝛿 and the flow increases with 𝛿, 

resulting in unrealistic traffic characterization. Further, the ID model produces large speed 

variations and thus high acceleration and deceleration. With the proposed model, the variations in 

speed and acceleration are small and decrease over time. Further, the traffic capacity is higher than 

with the ID model. These results indicate that the proposed model can be used to reduce vehicle 

emissions and thus pollution. The results obtained indicate that the proposed model produces larger 

traffic flows and variations when the cyberattack intensity is higher. Thus, it provides realistic 

traffic flow behavior under cyberattacks and thus can effectively manage the corresponding 

disruptions. 
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Chapter 7                                                           

Effect of Driver Energy-Saving Awareness on 

Energy Consumption  

 

Climate change and air pollution are significant global challenges that are now critical concerns 

[117]. Transportation contributes substantially to energy consumption and emissions, exacerbating 

these problems. According to the International Energy Agency (IEA), in 2021 the transportation 

sector was responsible for almost 30% of the total energy consumption in major countries [118], 

leading to over 8000 Mt of CO2 emissions [119]. Road transportation accounts for 75% of this 

energy [120]. The global energy consumption by transportation is estimated to increase to 151 

quadrillion Btu by 2040, indicating an increase of 44 quadrillion Btu from 2015 [121]. In Canada, 

from 1990 to 2017, the total energy consumption in the transport sector increased by 41%, and 

the associated greenhouse gas (GHG) emissions increased by 40% from 131.3 Mt to 182.1 Mt 

[122]. Therefore, achieving energy conservation and emission reduction in urban road 

transportation is crucial to mitigate climate change. 

Ongoing energy concerns have prompted drivers to increasingly adopt driving strategies that 

reduce energy consumption. The goal is to limit vehicle movement to reduce fuel costs. However, 

traditional traffic models cannot effectively characterize the effect of driver energy-saving 

behavior on traffic flow. Therefore, they cannot accurately and realistically depict real-world 

traffic dynamics considering energy concerns. Thus, a new model is required to better predict the 

energy consumption characteristics of traffic flows. 

In this chapter, a microscopic energy consumption model is developed considering driver 

energy-saving awareness. First, the relationship between energy consumption and traffic flow 

parameters is established. Then, the performance of the proposed and ID models is examined. The 

results obtained demonstrate the advantages of the proposed model.  

The rest of the chapter is organized as follows. Section 7.1 introduces the proposed energy 

consumption model considering driver energy-saving awareness, Section 7.2 provides a 



97 

 

performance investigation of the proposed model alongside that of the ID model. Some concluding 

remarks are given in Section 7.3. 

7.1 Energy Consumption Model 

Acceleration in the ID model is expressed as [26] 

 𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

𝛿

− (
𝐷

𝑠
)

2

),         (7.1) 

where 𝐷 is given by [26] 

 
𝐷 = 𝑠𝑗 + 𝜏𝑣 +

𝑣∆𝑣

2√𝑎𝑚𝑎𝑥𝑏
         (7.2) 

The ID model driver response is based on a constant 𝛿, meaning that driver behavior does not vary 

with traffic conditions, and thus energy-saving driving behavior is ignored. Thus, this model 

cannot depict real-world traffic dynamics. 

The proposed traffic model characterizes driver energy-saving awareness using vehicle energy 

conservation [123] as follows 

 

𝐸 = {∫ 𝐼 (𝑚𝑎𝑚𝑎𝑥𝑣(𝑡) + 𝑚𝑔sin𝜃𝑣(𝑡) + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴(𝑣(𝑡))
3

+ 𝑓𝑚𝑔cos𝜃𝑣(𝑡)) 𝑑𝑡

+ 𝐵𝑑𝑡}  (7.3) 

which is based on the principle of energy conservation. It is used during acceleration and 

deceleration to evaluate the changes in kinetic energy 𝐾𝑒 and potential energy 𝑃𝑒, and the energy 

consumption due to air resistance 𝐴𝑒, road friction 𝐹𝑒, and vehicle internal  systems 𝐼𝑒. From [123], 

we have 

𝐾𝑒 = ∫ 𝑚𝑎𝑚𝑎𝑥𝑣(𝑡)𝑑𝑡 

𝑃𝑒 = ∫ 𝑚𝑔sin𝜃𝑣(𝑡)𝑑𝑡 

𝐴𝑒 = ∫ 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴(𝑣(𝑡))3𝑑𝑡 

𝐹𝑒 = ∫ 𝑓𝑚𝑔cos𝜃𝑣(𝑡)𝑑𝑡 

𝐼𝑒 = 𝐸 − 𝐾𝑒 − 𝑃𝑒 − 𝐴𝑒 − 𝐹𝑒 
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where 𝐸 is the total energy consumption, 𝑚 is the vehicle mass,  𝑔 is gravitational acceleration, 𝜃 

is the slope of the road, 𝜌𝑎𝑖𝑟 is the air density, 𝐴𝑑 is the air drag coefficient, 𝐴 is the vehicle front 

area, 𝑓 is the friction coefficient, and 𝑎𝑚𝑎𝑥 is the maximum acceleration vehicles can attain and is 

based on driver behavior, i.e. it is large with an aggressive driver and small when a driver is 

cautious. Differentiating (7.3) gives the instantaneous energy consumption power as  

 𝐸𝑝 = 𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵         (7.4) 

where 𝐵 is the vehicle braking energy consumption intensity coefficient, and 𝐼 is the vehicle 

internal energy consumption intensity coefficient. 

Vehicle energy consumption is influenced by driver awareness of energy conservation [119]. 

Energy-conscious drivers adjust vehicle speed to reduce energy consumption, whereas traditional 

drivers ignore this consideration [119]. Thus, considering driver energy conservation awareness 𝛾, 

𝛿 can be expressed as 

 𝛿 = (1 − 𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵)          (7.5) 

where 𝛾 ranges from 0 to 1. When 𝛾 = 1, the driver has full awareness of energy conservation, 

meaning that the lowest amount of energy possible is consumed by their vehicle. When 𝛾 = 0, the 

driver has no awareness of energy conservation, meaning that the most energy is consumed [119]. 

Vehicle energy consumption is also impacted by traffic density [124], so 

  𝛿 = (1 − 𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵 × 𝜌          (7.6) 

Traffic flow is the product of density and speed, 𝑄 = 𝜌𝑣 [31], which gives 

 
𝛿 =

(1 − 𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵) × 𝑄

𝑣
          (7.7) 

The traffic flow is large with a small time headway 𝜏, and a larger time headway decreases the 

flow [83]. Therefore (7.7) can be expressed as 

 
𝛿 =

(1 − 𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵)

𝑣𝜏
          (7.8) 

Acceleration is the change in speed with respect to time, 𝑎𝑚𝑎𝑥 = 𝑣/𝜏 [47]. Therefore 
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𝛿 =

(1 − 𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣 + 𝑚𝑔sin𝜃𝑣 + 0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3 + 𝑓𝑚𝑔cos𝜃𝑣) + 𝐵)

𝑎𝑚𝑎𝑥𝜏2
          (7.9) 

Substituting (7.9) in (7.1) gives the proposed energy consumption model 

 
𝑑𝑣

𝑑𝑡
= 𝑎𝑚𝑎𝑥 (1 − (

𝑣

𝑣𝑚𝑎𝑥
)

(1−𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣+𝑚𝑔sin𝜃𝑣+0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3+𝑓𝑚𝑔cos𝜃𝑣)+𝐵)
𝑎𝑚𝑎𝑥𝜏2

− (
𝐷

𝑠
)

2

), 

        (7.10) 

This model characterizes energy consumption to reflect driver behavior in terms of energy-saving 

consciousness. Thus, it can predict traffic flow dynamics in an energy-saving driving environment 

more realistically compared to the ID model. 

Traffic density is 𝜌 = 1/𝑠𝑒 [47], where 𝑠𝑒 is the steady-state distance headway, that is when 

∆𝑣 = 0, and is given by  

 

𝑠𝑒 = (𝑠𝑗 + 𝑣𝜏) (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(1−𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣+𝑚𝑔sin𝜃𝑣+0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3+𝑓𝑚𝑔cos𝜃𝑣)+𝐵)
𝑎𝑚𝑎𝑥𝜏2

)

−
1
2

         (7.11) 

From [31], traffic flow is 

 𝑄 =
𝑣

𝑠𝑒
         (7.12) 

By substituting (7.11) in (7.12), the flow for the proposed model becomes 

 

 𝑄 =

𝑣 (1 − (
𝑣

𝑣𝑚𝑎𝑥
)

(1−𝛾)(𝐼(𝑚𝑎𝑚𝑎𝑥𝑣+𝑚𝑔sin𝜃𝑣+0.5𝜌𝑎𝑖𝑟𝐴𝑑𝐴𝑣3+𝑓𝑚𝑔cos𝜃𝑣)+𝐵)
𝑎𝑚𝑎𝑥𝜏2

)

1
2

(𝑠𝑗 + 𝑣𝜏)
 

        (7.13) 

This indicates that the traffic flow in the proposed model is based on driver energy consumption 

awareness. Thus, the flow will vary according to the level of driver energy conservation awareness. 

This is more realistic than the ID model, which characterizes traffic flow based on a constant 𝛿 

and cannot adequately characterize traffic in an energy-saving driving environment. 
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7.2 Performance  

The proposed and ID models are evaluated over a 1000 m circular road (periodic boundary 

conditions) for 700 s. First, the energy consumption characteristics of traffic flow are examined 

using the proposed model, and then the results with the proposed and ID models are compared. 

The maximum speed (desired speed) 𝑣𝑚𝑎𝑥 is set to 30 m/s [47], the maximum acceleration for the 

proposed and ID models is 1.3 m/s2 and 1.4 m/s2, respectively, and the deceleration is  2 m/s2 [33]. 

The value of 𝛾 is between 0 and 1, so here 0.1, 0.5, and 0.9 are employed. The acceleration 

exponent is typically 4 [26], so here 𝛿 = 4 is used. For the ID model, a platoon of 61 vehicles with 

a jam spacing of 2 m [26] is considered. For the proposed model, a platoon of 17 vehicles with a 

jam spacing of 5 m is used so the platoon lengths  would be same. The simulation parameters are 

provided in Table 7.1. 

Table 7.1 Simulation parameters. 

Parameter Value 

Maximum speed (desired speed), 𝑣𝑚𝑎𝑥 30 m/s 

Time headway for ID model, 𝜏 1.6 s [26] 

Time headway for energy consumption model, 𝜏 2 s [113] 

Maximum acceleration for the ID model, 𝑎𝑚𝑎𝑥 1.4 m/s2 

Maximum acceleration for the proposed model, 𝑎𝑚𝑎𝑥 1.3 m/s2 

Driver energy conservation awareness, 𝛾 0.1, 0.5 and 0.9 

Jam spacing for energy consumption model, 𝑠𝑗 5 m 

Jam spacing for ID model, 𝑠𝑗 2 m 

Minimum acceleration (deceleration), 𝑏 2 m/s2 

Vehicle internal energy consumption intensity coefficient, 𝐼 6.609 [119] 

Vehicle mass, 𝑚 1550 kg [119] 

Gravitational acceleration, 𝑔 9.8 m/s2 [125] 

Air density, 𝜌𝑎𝑖𝑟 1.1691 kg/m3 [119] 

Air drag coefficient, 𝐴𝑑 0.31 [119] 

Friction coefficient, 𝑓 0.0095 [126] 
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Vehicle front area, 𝐴 2.51 m2 [127] 

Braking energy consumption intensity coefficient, 𝐵 52,408 J/s [119] 

Vehicle length, 𝐿 4.5 m [73] 

Acceleration exponent, 𝛿 4  

Maximum normalized density for energy consumption model, 𝜌𝑚 = 1/𝑠𝑗 0.2  

Maximum normalized density for ID model, 𝜌𝑚 = 1/𝑠𝑗  0.5  

Time step size, ∆𝑡 0.5 s 

 

7.2.1 Energy Consumption Characteristics of Traffic 

 

Figure 7.1 Energy consumption evolution of traffic on a 1000 m road. 

 

Figure 7.1 presents the per meter energy consumption over time obtained by using the 

proposed model on a 1000 m road for 𝛾 = 0.1, 0.5, and 0.9. When driver awareness of energy 

conservation was low (𝛾 = 0.1), the energy consumption was high with large fluctuations. On the 

other hand, with a higher awareness of energy conservation (𝛾 = 0.9), energy consumption was 

low, with small fluctuations that decreased over time. Figure 7.1 indicates that, for all values of 𝛾, 

the fluctuations in energy consumption became smaller as the drivers employed energy-saving 

behavior, such as maintaining near-constant speeds and avoiding abrupt acceleration or 

deceleration. 
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Figure 7.2 The relationship between energy consumption and acceleration for 𝛾 = 0.1, 0.5 

and 0.9. 

Figures 7.2, 7.3, and 7.4 present the relationship between energy consumption and 

acceleration, flow, and headway, respectively for 𝛾 = 0.1, 0.5, and 0.9. Figure 7.2 shows that, with 

a higher driver energy-saving awareness (𝛾 = 0.9), vehicle energy consumption was more closely 

distributed within a somewhat circular region compared to lower driver energy-saving awareness 

(𝛾 = 0.1), which had a more diverse energy consumption. This indicates that a high 𝛾 results in 

energy use which is more consistent owing to a smoother driving behavior involving fewer speed 

fluctuations. Conversely, with a low 𝛾, energy consumption was high and more erratic due to 

irregular driving behavior. Moreover, when 𝛾 = 0.1, energy consumption was high due to greater 

acceleration and deceleration variations, whereas when 𝛾 = 0.9 energy consumption was low 

owing to smaller acceleration and deceleration variations. Thus, a higher 𝛾 means that drivers 

make gradual speed adjustments and avoid unnecessary braking and acceleration, a behavior that 

conserves energy. 

Figure 7.3 shows an increase in energy consumption variations due to an increase in traffic 

flow. This is because the flow significantly affects the driving patterns. As the number of vehicles 

on the road increased and the traffic flow became higher, drivers were required to adjust their 

speeds more frequently to adapt to the surrounding traffic. This resulted in more frequent 

acceleration and deceleration, in turn increasing both the number and magnitude of variations in 

energy consumption. Figure 7.3 also indicates that a high driver awareness (𝛾 = 0.9) resulted in 

lower energy consumption with smaller variations, even with a higher traffic flow. Conversely, 
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when driver awareness was low (𝛾 = 0.1), the energy consumption was large with greater 

variations, particularly with a higher traffic flow. This is confirmed by the greater variation in 

energy consumption. 

 

Figure 7.3 The relationship between energy consumption and flow for 𝛾 = 0.1, 0.5 and 

0.9. 

 

Figure 7.4 The relationship between energy consumption and distance headway for 𝛾 =

0.1, 0.5 and 0.9. 

Figure 7.4 shows that, in general, energy consumption decreased with increasing distance 

headway for all values of 𝛾. This is because an increase in distance headway allowed drivers to 

maintain vehicle speed and react slowly to changing conditions. Thus, a larger distance headway 
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reduced acceleration and deceleration, leading to a smoother traffic flow and lower energy 

consumption. Figure 7.4 also indicates that with higher awareness, 𝛾 = 0.9, energy consumption 

was low with smaller variations. This illustrates how energy-saving driving techniques reduce 

energy usage. With a lower energy-saving awareness (𝛾 = 0.1), although a large distance headway 

did lead to a reduction in energy consumption, the variations were greater, resulting in less efficient 

energy usage. Thus, energy consumption was higher compared to the 𝛾 = 0.9 scenario. 

7.2.2 Comparison of Proposed Model and ID Model 

 

Figure 7.5 Temporal flow evolution with the proposed (𝛾 = 0.9) and ID (𝛿 = 4) models. 

 

Figure 7.6 Temporal density evolution with the proposed (𝛾 = 0.9) and ID (𝛿 = 4) 

models. 
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Figures 7.5 and 7.6 present the traffic flow and density evolution over time, respectively, with 

𝛾 = 0.9 (proposed model) and 𝛿 = 4 (ID model). These results show that the variations in both 

flow and density with 𝛿 = 4 were large, whereas when 𝛾 = 0.9 these variations were negligible 

and the flow and density became approximately constant over time. 

 

         

Figure 7.7 Temporal evolution of speed with the proposed (𝛾 = 0.9) and ID (𝛿 = 4) 

models. 

 

Figure 7.8 Temporal evolution of acceleration with the proposed (𝛾 = 0.9) and ID (𝛿 = 4) 

models. 

Figures 7.7 and 7.8 present the temporal speed and acceleration evolution, respectively, with 

𝛾 = 0.9 (proposed model) and 𝛿 = 4 (ID model). Figure 7.7 shows that 𝛾 = 0.9 resulted in higher 
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speeds with smaller variations which decreased over time. Conversely, 𝛿 = 4 led to lower speeds 

which decreased over time with larger variations that diminished less. Figure 7.8 indicates that, 

with 𝛾 = 0.9, the variations in acceleration and deceleration were small and decreased over time. 

On the other hand, 𝛿 = 4 resulted in large acceleration and deceleration variations which did not 

decrease over time. 

The results presented in Section 7.2.1 indicate that the vehicle energy consumption was low 

in all cases when driver energy-saving awareness was high  (𝛾 = 0.9), whereas the energy 

consumption was significantly higher when this awareness was low (𝛾 = 0.1). Based on the 

physics of vehicle motion and its effect on energy consumption, vehicle acceleration requires 

substantially more energy than maintaining a constant speed. Thus, drivers with low energy-saving 

awareness (𝛾 = 0.1) consume more energy during stop-and-go traffic due to the more frequent 

stops and starts. Conversely, more aware drivers (𝛾 = 0.9) adopt energy-saving techniques such 

as gradual braking to conserve energy, reducing stop-and-go waves. 

The results in Section 7.2.2 illustrate that the proposed energy consumption model results in 

smaller variations in traffic flow, speed, and density compared to the ID model. In addition, greater 

speeds are achieved with less acceleration and deceleration, leading to better energy consumption. 

Conversely, the ID model produces lower speeds with more acceleration and deceleration 

variations, causing higher fuel consumption. Moreover, the traffic density in the ID model is high, 

whereas the proposed model results in lower traffic density. 

7.3 Conclusion 

Energy concerns such as global warming underscore the importance of traffic energy savings. This 

chapter introduces a microscopic traffic model that incorporates driver energy-saving awareness 

and energy consumption. The constant 𝛿, representing driver behavior in the ID model, is replaced 

with an exponent reflecting energy consumption and driver energy-saving consciousness. It is 

shown that the ID model yields unrealistic traffic behavior because it cannot characterize changes 

in driver behavior. Conversely, the proposed model can realistically predict traffic flow dynamics 

in an energy-saving driving environment. Results are presented which show that, as driver energy 

conservation awareness increases, the energy consumption associated with traffic flow, 

acceleration, and headway decreases. Further, a driver with higher energy-saving awareness (𝛾 =

0.9) uses less energy compared to a driver with low awareness (𝛾 = 0.1). 
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Compared to the ID model, the proposed model results in smaller variations in traffic speed, 

flow, and density. It also leads to a smoother traffic flow and improved traffic efficiency, 

highlighting the importance of adopting energy-aware driving practices in traffic management 

strategies. Further, greater speeds with fewer acceleration and deceleration variations are achieved 

in the proposed model, substantially reducing fuel consumption.  
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Chapter 8                                              

Conclusions                                               

 

This chapter provides a summary of the contributions to traffic modeling presented in this 

dissertation. A concise overview of the achievements is given and their significance is highlighted. 

8.1 Contributions 

This study investigated microscopic modeling for traffic flow characterization and CAV behavior, 

with the objective of developing realistic traffic models and improving traffic safety, efficiency, 

and pollution control. The contributions to traffic modeling are as follows. 

1. A microscopic traffic model was proposed that characterizes driver response according 

to reaction and sensitivity. The proposed model was compared to the state-of-the-art ID 

model and shown to have better stability. The proposed model generates a smooth 

traffic flow and can be integrated into CAVs and ACC systems for efficient and 

effective traffic management. In addition, it can be used in advanced driver assistant 

systems (ADASs) to ensure traffic safety by providing information about driver 

behavior. The proposed model can also be employed in automated driving systems 

(ADSs) for realistic traffic characterization. 

 

2. A microscopic traffic model was developed that incorporates vehicle vibrations due to 

pavement conditions. The pavement condition is evaluated using the PCI. The proposed 

model provides realistic traffic flow dynamics compared to the ID model. Further, it 

can predict traffic behavior in real-time to help ACC systems better anticipate and adapt 

to changes in traffic conditions. An ACC system guided by the proposed model can 

adjust vehicle speed and following distance in response to the observed traffic density.  

 

3. A microscopic traffic model was proposed to characterize traffic during foggy weather 

based on visibility. The proposed model results in realistic traffic behavior when 

compared to the ID model and is stable even in foggy weather. It can reduce fuel 
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consumption and pollution resulting from traffic congestion and can therefore be used 

by traffic engineers to provide insights for improved transport network management 

which will benefit the environment. The proposed model can also be incorporated into 

traffic simulators for realistic traffic prediction during foggy weather. 

 

4. A traffic model was developed from a spring-mass system theory perspective to 

investigate traffic dynamics on horizontal highway curves. The proposed model was 

utilized to evaluate the behavior of HVs, AVs, and CAVs on horizontal curves. CAVs 

had better performance compared to HVs and AVs, leading to a better understanding of 

safety and efficiency on horizontal road segments. It was shown that CAVs improve 

energy efficiency and emission reduction, contributing to an effective and 

environmentally sustainable transportation system.  

 

5. A microscopic traffic model was developed to characterize CAV behavior at a 

bottleneck and evaluate the performance under cyberattacks. The proposed model 

provides realistic traffic flow behavior, and reduces vehicle emissions and thus 

pollution. It can be employed by transportation agencies and planners for traffic control, 

safety, and forecasting when bottleneck conditions exist and there is malicious 

behavior. Further, it can be used as an alternative or to complement traditional traffic 

control techniques such as VSL to provide adaptive CAV control based on reaction time 

and distance headway. 

 

6. A microscopic traffic model was introduced that incorporates driver energy-saving 

awareness and energy consumption. The proposed model can realistically predict 

traffic flow dynamics in an energy-saving driving environment. It was shown that this 

model reduces fuel consumption and can be employed to conserve energy and reduce 

fuel cost and vehicle emissions, thereby decreasing the overall carbon footprint of 

traffic and contributing to a more sustainable environment. 

8.2 Future Work 

There are several interesting research challenges in the field of microscopic traffic flow 

characterization. A brief outline of these problems is given below. 
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1. The range of scenarios analyzed in Chapter 5 can be expanded to include various road 

geometries and environmental conditions. This will increase the applicability and 

improve the effectiveness in real-world scenarios. Further, this will lead to the 

development of more comprehensive and robust traffic models. 

 

2. Evaluating the impact of cyberattacks in a mixed traffic flow is another interesting 

problem as more CAVs and HVs co-exist. Thus, a traffic model can be developed to 

evaluate the impact of cyberattacks at various CAV penetration rates in mixed traffic. 

Integrating the CAV penetration rate into a cyberattack model is essential to understand 

how traffic dynamics are affected. This will help in evaluating how CAVs and HVs 

respond when under these attacks. 

 

3. Global traffic demands contribute significantly to the rapid increase in CO2 emissions. 

CAVs can be deployed to reduce these emissions and thus the environmental impact. 

This requires that a traffic model to characterize CO2 emissions from CAVs be 

developed. 

 

4. Investigating the effect of CAVs under foggy weather conditions is another research 

direction. Fog reduces the performance of the sensors CAVs rely on such as LiDAR, 

radar, and cameras, and thus affects traffic safety and efficiency. Therefore, a traffic 

model to characterize CAV behavior in foggy weather should be developed. 
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