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Abstract

Technology advancements in recent years introduced more options to intelli-

gent transportation systems (ITS). Automation and connectivity are two major

opportunities that are highly admired and studied in ITS. Connected and au-

tonomous vehicles (CAVs) possess the capability of perception and information

broadcasting with other CAVs and connected intersections. They can commu-

nicate with other CAVs to transmit vehicle dynamics and receive signal timing

plans from connected intersections. Additionally, they exhibit computational

abilities and can be controlled strategically. Optimal control strategies offer

energy efficiency with respect to vehicle dynamics and traffic constraints.

One potential control strategy is real-time speed control, which adjusts the

target vehicle speed by taking advantage of broadcasted traffic information, such

as signal timings. Connectivity at the vehicle level provides information about

the current traffic conditions, while connection to the signalized intersection

achieves current and future signal timing plans. Given the traffic information,

a macroscopic traffic flow model predicts the behavior of the preceding vehicle

for a short-term horizon, which results in optimally controlling the target CAV.

However, the optimal control is likely to increase the gap in front of the con-

trolled CAV, which induces lane changing by other drivers. This study proposes

a modified traffic flow model that aims to predict lane-changing occurrences and

assess the impact of lane changes on future traffic states. The primary objective

is to improve energy efficiency for a certain vehicle. The prediction model is

based on a cell division platform and is derived considering the additional flow

during lane changing. First, the lane-change time and cell location are predicted

and second, the impact of the additional flow due to lane-change is demonstrated

in the traffic flow model. An optimal control strategy is then developed, subject

to the predicted trajectory generated for the preceding vehicle. Lane change
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prediction estimates future speed and gap of vehicles, based on predicted traffic

states. The proposed framework outperforms the non-lane change traffic model,

resulting in up to 13% energy savings for the target vehicle when lane changing

is predicted 4–6 seconds in advance.
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Chapter 1

Introduction

1.1 Background

The transportation sector plays a significant role in global energy demand, ac-

counting for 60% of the total oil consumption [1]. Additionally, it contributes

to approximately 35% of the total CO2 emissions [2]. Recent advancements in

the connected autonomous vehicles (CAVs) have introduced remarkable oppor-

tunities for energy efficiency. CAVs are capable of perception and information

broadcast. They utilize sensors to measure their own status as well as that of

surrounding vehicles. Furthermore, communication occurs through vehicle-to-

vehicle (V2V) and vehicle-to-infrastructure (V2I) connections, facilitating the

exchange of critical information such as signal phasing and timing (SPaT) mes-

sages from connected signals. SPaT messages are current and future information

on signal plans which is available via V2I connection.
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1.1.1 Speed control

CAVs can adjust their speed in real-time based on predicted driving conditions

when the goal is to minimize energy consumption. This problem can be solved

by obtaining optimal speed values for a target vehicle in a forward-looking

horizon (for the next several seconds) [3]. Therefore, speed control is defined as

a problem that is solved constantly in real-time as the target CAV is moving on

the road. The controlled vehicle is required to maintain a reasonable spacing

with its leader vehicle (called the preceding vehicle in this study) to satisfy safe

driving behavior. Furthermore, the target CAV cannot freely drive on the road

since there are other vehicles and obstacles such as traffic lights. Vehicles must

stop when the signal is in the red status. Finally, the vehicle has physical limits

such as maximum acceleration ability or maximum speed [4].

As mentioned, the speed control strategy should adjust the minimum car-

following distance to the leader vehicle in order to avoid collision and also the

maximum distance to prevent delay for the follower vehicles. The car-following

distance is based on the trajectory of the preceding vehicle in the control prob-

lem [5]. In other words, the target CAV follows the preceding vehicle while

maintaining an appropriate spacing. Therefore, the speed control requires a

trajectory prediction for the preceding vehicle in order to obtain the optimal

speed values. In order to present the future trajectory, a traffic flow model can

predict traffic states for the next several seconds. The traffic flow model utilizes

the current traffic states for the prediction [6].

Moreover, the optimal speed control framework should be aware of the future

status of the signal during the forward-looking horizon. As CAVs are able to

communicate with the connected traffic signals, they can receive future SPaT

information, which is sufficient for speed control.

A conceptual example of controlling a target CAV occurs when the CAV
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approaches a connected signalized intersection, while there are some CVs closer

to the signal. These CVs are moving at lower speed values than the current speed

of the CAV, as the signal is in the red phase and they are preparing to stop.

Entering a congested zone is also a similar scenario. The received information

through connectivity, along with the measured spacing to the preceding vehicle

for the target CAV, allows for predicting the location of the preceding vehicle for

the upcoming seconds. The target CAV obtains optimized acceleration values

for this horizon while considering appropriate spacing to the preceding vehicle.

As the maximum spacing constraint permits, the target CAV starts to slow

down earlier than in normal car-following behavior because the target CAV is

aware of the slower traffic ahead. This decision also allows the target CAV to

gain more time for the signal to switch from red phase to green. In this case, the

target CAV is not even required to make a full stop but only slows down. This

driving strategy results in energy savings compared to normal driving behavior.

Obtaining the optimal speed values for the next 10–15 seconds when control-

ling a target CAV, requires short-term traffic information. Although long-term

traffic data is available from sources such as loop detectors, it is only beneficial

for traffic operations and management since the data is measured on a scale

of minutes and for miles of the road [3]. However, speed control requires more

accurate data updated at shorter time intervals, such as a one-second updating

frequency.

Furthermore, only measuring the information of the preceding vehicle is not

sufficient to propose an optimal framework [7]. The reason is that the target

vehicle will travel a relatively long distance at the end of the prediction horizon.

Considering the spacing to the immediate preceding vehicle is only sufficient

for a very short time interval, such as one or two seconds [3]. Therefore, it is

crucial to employ information from multiple vehicles ahead. This information
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results in obtaining traffic states of the road ahead as far as the prediction

horizon will cover that distance. For example, if the average segment speed is

15 meters per second and the prediction horizon is 10 seconds, the target CAV

and the preceding vehicle will approximately travel 150 meters at the end of

the predicted horizon. Therefore, the framework should be aware of the traffic

states for more than 150 meters.

The higher level of vehicle connectivity results in more available data for

a target CAV. CVs in front of the target CAV are equipped with perception

technologies such as sensors, cameras, and LIDAR [3]. They can measure car-

following distances along with their own speed and the relative speed of adjacent

vehicles, transmitting this data to the target CAV. Finally, the target CAV has

received data from other CVs and measured information on its own. This set

of information updates the speed control with the current traffic states.

Although the target CAV receives traffic states, they are incomplete. Only

partial traffic information is measured and transmitted to the target vehicle.

The reason is that not all the vehicles are CV (we study mixed platoons).

Thus, there are still some vehicles whose states are not measured, and the

target CAV is not aware of their location and speed. Subsequently, the rest of

the traffic states must be estimated to ensure speed control performance. In the

methodology section, a filtering method is applied to model the measurement

uncertainties. The filtering method utilizes the prior traffic states along with

the characteristics of the current measurements to estimate current states [3].

1.1.2 Traffic flow modeling

As mentioned, optimal speed control requires the future status of the road such

as a predicted trajectory of the preceding vehicle. One of the most well-known

ways to address this requirement is by employing mathematical traffic models.
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Traffic models are generally categorized into three items [8, 9]:

• Microscopic models: These models focus on the individual units and the

leader unit (units such as vehicles). They represent disaggregate behavior

of single vehicles.

• Macroscopic models: Macroscopic models provide an aggregate presen-

tation of the segment. Mostly, these models use characteristics such as

density, flow, and speed for any location and time rather than the charac-

teristics of a single vehicle.

• Mesoscopic models: These models explain the behavior as a hybrid rep-

resentation to be a stage between macro and micro models. They study

traffic units at higher levels but still view their behavior in low detail.

They are usually suitable for certain applications.

Microscopic models are fast and can precisely monitor a target vehicle. How-

ever, they lack awareness of traffic conditions ahead during the prediction hori-

zon since they only focus on the target and the preceding vehicle. As mentioned

earlier, collecting traffic states from multiple vehicles ahead results in better pre-

dictions within this framework. The issue with the macroscopic traffic models is

that they do not study the states of a single vehicle. Instead, they focus on the

continuous or discrete characteristics of the segment. Mesoscopic traffic models

can also provide more detailed behavior for the target vehicle. Nevertheless, a

significant effort is required to calibrate the model parameters [8].

Based on previous experiences in this framework and the drawbacks of other

traffic models within this application, mesoscopic traffic models have been cho-

sen for predicting traffic states in various studies such as [4] and [10] and [6].

These models have the capability to predict traffic states in detail using any

available traffic information.

5



In the modeling process, the data collected from CVs pertains to each vehicle

individually. Some methods have been developed to model the relationship

between vehicle measurements and traffic flow density and speed which are

employed in this study

1.2 Problem Statement

The available level of automation in CAVs allows for precise computation and

control. CAVs are capable of predicting traffic information, enabling them to

plan future driving strategies, including optimal acceleration and deceleration

patterns. By avoiding abrupt speed changes, an energy-efficient acceleration-

deceleration strategy can be achieved, resulting in substantial reductions in

energy consumption [11, 12, 13].

However, since the target CAV is aware of the traffic conditions ahead, it

attempts to adjust its speed earlier than regular drivers. As a result, the target

CAV reduces its speed gradually when approaching a red light or a congested

zone. The target CAV maintains a slower speed than the leader vehicle, which

increases the gap between them. As a result, the aforementioned speed control

results in a higher lane change frequency in front of the controlled vehicle due to

the relatively larger gap and lower speed. Unpredicted lane changes will result in

additional energy consumption for the target vehicle. Therefore, studying lane

changes is crucial in order to propose an energy-efficient framework in more

realistic situations when more than one lane is available. This study considers

the impact of lane-changing on the predicted traffic states and consequently, on

the optimal control plan when controlling a target CAV. Figure 1.1 describes an

example that will be addressed in this study. HVs or other CAVs may change

their lane which is marked with a yellow box in the figure. If this lane change is

close to and in front of the target CAV, it has a higher impact on the optimal
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Figure 1.1: Problem description: other vehicles perform lane-changing in front
of target CAV, which is inconsistent with the predicted driving plan

control results for the target CAV. Lane changing is incorporated and predicted

for either exiting or entering cases.

It should be noted that the implemented control strategy in this study fo-

cuses on minimizing the energy consumption only for the target vehicle. Study-

ing the energy efficiency of the platoon is covered in some of the mentioned

studies.

1.3 Contributions

LC from adjacent lanes to the target lane [14] is highly probable to occur imme-

diately in front of the controlled CAV. The main reason is the control strategy

tends to maintain a larger gap at the front, inducing LC events. Recent studies

have worked on this phenomenon and considered the impact of LC maneuvers

[15, 10]. The CTM-based speed control frameworks rely on the prediction hori-

zon however there is a lack of predicting lane-changing within this prediction

horizon in the current studies. Therefore, the main concern still remains that

upcoming lane changes could significantly impact the performance of the speed

control, and no LC prediction has yet been first predicted, and second included

in the traffic flow prediction.

Therefore, we propose a modified traffic prediction method capable of pre-

dicting lane-change events and assessing their impact on speed and density
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values. The main contributions of this work are as follows:

(1) We modify the PW model to incorporate the impact of LC on traffic

information prediction.

(2) We implement a real-time LC prediction model that integrates with the

modified PW model and utilizes data from vehicle connectivity. Furthermore,

this study evaluates and calibrates the LC model to cover extensive scenarios.

(3) We examine the energy benefits by developing an optimal control frame-

work capable of controlling CAVs and introducing improved traffic constraints.

After the implementations, the framework is able to record the impacts of the

LC prediction method. Energy reduction is studied and presented for a certain

vehicle, not the platoon.

(4) We conduct simulations of various scenarios and evaluate method ro-

bustness that includes: a network of two-lane signalized arterial corridor and

traffic flow of mixed platoons for various MPRs and traffic volumes.

1.4 Outline

The remainder of this thesis is organized as follows.

• Chapter 2 reviews the framework: how the methods and models have been

used and demonstrated to obtain optimal speed control

• Chapter 3 consists of the traffic and lane-change prediction: According to

the framework, the first part is the traffic prediction, which corresponds

to the LC prediction model. First, the traffic flow model is derived con-

sidering the impact of lane changing. Second, lane-change occurrence is

predicted by introducing an analytical model. Both models are demon-

strated in a cell-based environment.
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• Chapter 4 deals with speed control: Speed control is formed as an opti-

mization problem where the objective is to save energy while maintain-

ing driving comfort. The problem is subject to vehicle dynamics, car-

following, and traffic constraints.

• Chapter 5 presents numerical results: the framework is implemented in

the simulation environment in order to report the performance, particu-

larly the energy-saving amount. This chapter evaluates the quantitative

performance and energy efficiency improvement presented by this study.

• Chapter 6 describes the conclusions of the study along with some of the

limitations and recommendations for future studies on the topic.
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Chapter 2

Literature review

Speed control is defined as a system that constantly and actively adjusts the

speed. The very first speed controls are conventional cruise control and then

adaptive cruise control [16]. Advanced control platforms are presented after-

wards such as implementing longitudinal models or various traffic models. Some

studies employ model predictive control as a speed control framework such as

focusing on V2V communication in [17] and using radar and signal information

to predict optimal values for speed by a longitudinal model in [18]. Moreover,

[19] uses a longitudinal dynamic model to represent speed control with the goal

of minimum travel time, and [20] develops a similar approach with the goal of

fuel efficiency. Many studies employ microscopic car-following models for the

speed or acceleration control such as presenting various adaptive cruise control

models for speed control [21], employing Newell’s car-following model as the

control algorithm for a cooperative adaptive cruise control [22], demonstrating

optimal velocity model to study the traffic flow [17], exploring the cooperative

control using intelligent driver model (IDM) [23], and studying the impact of

adaptive cruise controls on the traffic flow by microscopic modeling [24]. On the

10



other hand, some studies reveal that the macroscopic traffic modeling also re-

sults in a stable speed control mechanism employing a gas-kinetic (GKT) model

in [25] and [26], and a model based on the continuity equation in [27].

Among available models, cell transmission models (CTM) proposed by [28]

are widely applied in the literature. Some studies employed CTM to manage and

control a network, [29, 30] utilize ramp metering in order to control a freeway

network. Many studies focus on speed limit controls; [31] uses CTM in network

modeling in order to control the speed limit dynamically, [32] controls the speed

limit with the goal of maximizing network throughput, and [33, 34] employs

CTM models to resolve freeway jam wave by controlling the speed limit. [35]

demonstrates asymmetric cell transmission model to provide a ramp metering

plan, [36] and [37] implement CTM for traffic signal control. CTM models

are also widely used to analyze and improve driving strategies, [38] employs

CTM model for the speed adjustment and evaluates the corresponding emission

and [39] models traffic flow in order to adjust the speed limit in real-time for

autonomous vehicles with the goal of energy saving. There are also CTM-

based models such a discrete approximation of the Lighthill–Whitham–Richards

(LWR) model which is a macroscopic traffic flow model in [40] and Payne’s

(PW) second-order traffic flow model [6]. Recent studies have used the two

aforementioned models for traffic prediction and providing optimal control based

on that [41, 6].

The aforementioned studies that employ CTM models are particularly for

traffic analysis and prediction. The following step after traffic prediction is to

present a framework to optimize the controlling strategy. There is a broad

state-of-the-art in control strategies that demonstrate energy efficiency through

connectivity and automation in vehicles [42]. [43] proposes energy management

strategies based on driving cycle predictions on a network scale. [44, 45] employ
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information from loop detectors and signal timing to minimize fuel consumption

and emissions, demonstrating optimal speed control profiles for the target CAV.

Furthermore, [46] implements reinforcement learning, and [47] focuses on string

stability, both presenting optimal speed control frameworks. Vehicle control can

also be studied from a powertrain control perspective. [48, 49, 4] demonstrate

the optimal control problem as a co-optimization involving vehicle dynamics,

traffic constraints, and powertrain control.

Various prediction strategies have been demonstrated for CAV energy-efficient

control, ranging from short-term to long-term platforms. Long-term platforms

[50] are designed for traffic volume planning and traffic management rather than

online control of a specific vehicle. However, controlling a CAV through a road

section requires short-term predictions of future changes in traffic states. Our

previous studies [4, 6] have shown the effectiveness of analytical traffic prediction

for a prediction horizon of 10–15 seconds.

A large proportion of studies, such as [51, 52, 53] obtain their traffic states

from 100% CAV market penetration rate (MPR). However, the assumption of

all vehicles being CAVs is not realistic in the expected future of this method

[54]. This study presents a framework to control CAVs at various MPRs (mixed

platoons). The presented traffic flow model is capable of predicting traffic in-

formation even with partial data of the entire platoon due to varying MPRs.

Among the macroscopic traffic models capable of short-term prediction, the

first order LWR model can accurately describe traffic flow, stating ”flow equals

density times speed” [55], resulting in real-time traffic prediction [41]. However,

speed in the first order models is directly dependent on the traffic density value,

which leads to a lack of independent speed prediction, causing inaccuracy and

fluctuations for short-term CAV control. Second-order models, such as the well-

known Payne-Whitham (PW) model, are able to provide an independent and
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dynamic speed prediction, which is implemented in [56]. Optimal control in

coordination with an improved PW model presented 10–20% energy benefits in

our previous studies [4, 57].

In order to present a more realistic traffic study, particularly in the presence

of CAVs, researchers model lane changing for multiple lane scenarios. For ex-

ample, [58] explains lane-change models for CAVs and assesses the impacts of

these LCs on traffic. When more than one lane is available, control platforms

are commonly implemented by car-following models along with lane-changing

models [58, 59, 60, 61] particularly in the presence of CAVs. [59] presents an

optimal LC model which is evaluated for only fully automated platoons and can

be used for vehicle control. However, [61] employs the LC model in a mixed

platoon to study the traffic performance and CAVs reaction. [62] presents a

control framework to cover the lane changes of CAVs with the goal of safety.

The impact of lane changes performed by other vehicles when controlling a CAV

has received less attention in previous studies. Furthermore, there has been a

lack of evaluation of a stable or safe framework for energy efficiency. The cur-

rent study aims to address these two aforementioned concerns within the state

of the art.
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Chapter 3

Framework

In this section, we explain how the platform works in a mixed platoon as shown

in Fig. 3.1. CVs will provide traffic information including speed and location

measurements in real-time. The traffic states need to be estimated from CV

information using a state observer since the connected technology cannot mea-

sure and cover all the traffic stream. The traffic information is then applied in

a cell-based traffic model to predict the traffic states in the future. The traffic

model uses a lane change model to also predict the impact of the lane changes

on the traffic states. Given the future traffic states, we generate a framework

to control a target CV with the goal of optimal energy consumption.

In the first step, CVs measure and broadcast the data. CAVs can exchange

data through V2V connections, encompassing speed and location information

obtained from sensors, between CAVs and adjacent vehicles. Moreover, CVs

are aware of future signal timing from signals equipped with V2I connections.

Connections provide online traffic data exchange which is used to predict traffic

states [63]. Finally, the available data for our control includes the measured

spacing and speed of the target CAV, the exchanged speed and distance val-

14



Figure 3.1: Framework demonstration and process including CAV and SPaT
messages, UKF, traffic models, and finally the optimal control

ues from other CAVs through V2V connections, and the future signal timing

obtained via V2I connections.

The second step includes correction and estimation of traffic states via fil-

tering. Only CVs can measure and transmit partial speed and spacing values

on a segment. In other words, only a subset of the total vehicles on the road

are CVs equipped with sensors and able to transmit the measured data. As

a result, the precise location and speed information for every vehicle may not

be readily available. Therefore, a state observer, an unscented Kalman filter

(UKF), is implemented to provide an estimation for the traffic states [64]. The

UKF implementation is based on the previous studies, and readers are referred

to [3] for further explanation and implementation UKF on the traffic prediction

model.

In the context of optimal control, the objective is to optimize the speed

for the upcoming 10–15 seconds by a predictive control based on the predicted

trajectory of a determined preceding vehicle. Although the optimal speed values
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are predicted for a horizon, only the value of the next time step is used to control

the speed. However, a challenge arises when a new vehicle enters the space

between the target CAV and the original preceding vehicle within this prediction

horizon. The new vehicle changes the traffic states in both target lane and the

source lane such as increasing the density of the target lane. Moreover, the

new vehicle becomes the new preceding vehicle, for which the optimal control

lacks a preexisting plan and predicted trajectory. Consequently, the optimal

controller does not have the information of the new preceding vehicle along the

10–15 seconds horizon in advance. This disruption can negatively impact the

optimal control. Instead, the platform capable of LC prediction, estimates that

a lane change is anticipated to occur in the next few seconds, resulting in better

traffic state prediction at an estimated location. With this enhanced knowledge,

the optimal control system is afforded more time to make informed decisions,

leading to reduced energy consumption during the process.

In the third step, the traffic prediction computes how traffic states including

speed and density would change in the future for the next several seconds. In

order to generate the traffic prediction, the road segment is divided into cells of

equal length, and the model computes the density and speed of the next time

step based on the current cell speed and density. This process is propagated for

all time steps within the prediction horizon. The impact of the adjacent cells

is also considered in the equations. LC prediction occurrence is synced with

the traffic prediction model. To model LC, the traffic model will be updated

considering the impact. Thus, The two aforementioned models work together

to predict speed and density considering the impact of probable lane changes.

In the final step of this process, the target CAV is controlled based on the

provided information in the previous steps. The target CAV utilizes measure-

ments of the preceding vehicle’s location at the current time step. Furthermore,
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the traffic flow model is propagated to estimate future cell densities and speeds.

With these inputs, a trajectory is generated to predict the movement of the pre-

ceding vehicle within the next 10–15 seconds. To effectively manage the target

CAV across the cells ahead, an optimal control mechanism is employed, aiming

to minimize energy consumption. This mechanism computes speed values for

the target CAV during the prediction horizon, facilitating precise speed control

and ensuring optimal operation.

There are several assumptions made for the methodology that are explained

as follows:

CAVs assumptions: As aforementioned, we study mixed platoons of HVs

and CVs in various proportions of connectivity. CAVs are assumed to be able

to receive SPaT messages and information from other CAVs. CAVs can mea-

sure and transmit their own speed, location, spacing to the leader vehicle, and

relative speed to the leader vehicle if applicable. Therefore, each CAV is able

to provide information about two vehicles. This assumption is widely applied

in prior studies [4, 42, 6].

Traffic behavior assumptions: We assume that traffic follows normal driver

behavior, meaning that vehicles drive based on typical car-following behavior

and maintain a reasonable gap when following the leader vehicle. Based on

this assumption, the proposed traffic models provide a valid approximation for

predicting traffic states.

Lane change model assumptions: This study focuses on predicting LCs moti-

vated by speed gain which also has a higher impact on the speed control. Other

reasons for the lane changing such as lane changes due to routing can be added

to the traffic model. However, they are not predicted by the lane change model

since they mostly require network traffic assignment which is not in the scope of

this study. it is assumed that there is no requirement for vehicles to exclusively
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drive in the rightmost lanes or keep the leftmost lane clear, and all lanes have

equal priority for vehicles when traveling at free-flow speeds.

Optimal control assumptions: The optimal control employs the vehicle power

model to control the vehicle longitudinally. Moreover, the control is based on

the vehicle acceleration, which is directly related to speed, but the vehicle pow-

ertrain level is not studied. The main reason is that the current study focuses

on the modified traffic model, along with lane-change prediction to evaluate

performance, not presenting a novel vehicle control strategy.
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Chapter 4

Traffic flow and lane-change

prediction

This section presents a modified traffic prediction model to consider the impact

of lane changing phenomena on the traffic states. The lane-change process is

characterized by the transfer of flow between lanes. This flow transfer has a

direct impact on the road segment, resulting in changes in density and speed

within that segment. The impact is derived and added to the PW model in

order to consider the additional flow. PW model is a second order traffic flow

model that describes density and speed independently for the next time step

[65]. In the current time step, estimated traffic states are available from the

estimation step. The road segment is divided into shorter cells, and the traffic

flow model will be propagated to predict the density and speed of the cells for

the cells for the next time steps. This process is being done for every cell in

the broadcast range of the target CV in order to have the cell states during the

prediction horizon. Each cell is microscopically large to have vehicles in it and

macroscopically small to be able to capture the changes in factors that impact
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the flow.

As mentioned, the second order traffic flow model has two terms to describe

density and speed separately. In this part, we derive the equations from the

kinematic wave theory and obtain a macroscopic equation for the density and

speed. When LC does not occur, the equations are equal to the standard PW

model since there is no additional flow entering or exiting between the lanes.

Due to the varying lane-change flows across different lanes, the modified

model is propagated separately for each lane. The sign of the LC flow differs

per lane, with a positive value for the target lane and a negative value for

the source lane. Consequently, the LC term in the equations assumes different

values for each lane.

4.1 Density equation derivation

From the hydrodynamic flow-density relationship, we can model the traffic

stream in a cell of the road. We first assume the cell is homogeneous, with-

out any additional flow from other lanes, which implies no lane changes. The

density equation will be further derived to incorporate the lane-change events.

We start from the continuity equations which explains the change of the flow in

the cell.

The number of vehicles for a road cell with length of ∆x at time t is given

by [66]:

n(t) =

∫ x+∆x

x

ρ(x′, t) dx′ ≈ ρ(x, t)∆x (4.1)

where x and x +∆x are the start and end points of the cell and ρ(x′, t) is the

density at location dx′ and time t.
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Figure 4.1: Sketch of the incoming and outgoing flows for the target cell. In
this case, additional flow will be entered to the target cell from the source lane
due to LC in addition to upstream and downstream flows

For the rate of change in the number of vehicles, we can write:

dn

dt
=

∂ρ

∂t
·∆x (4.2)

This equation would be available since ∆x (road cell length) is constant with

respect to time.

For each cell, assuming no nonuniform events occur within the middle of

the cell, there is only incoming flow and outgoing flow. Given the assumption

of a homogeneous road cell, alterations to the number of vehicles can only be

attributed to the inflow Qin or outflow Qout at the cell boundaries:

dn

dt
= Qin(t)−Qout(t) (4.3)

The flow could be presented as Qtot which is a function of the time and location.

Upstream and downstream flows are analyzed at the same time, but at two

different locations:

dn

dt
= Qtot(x, t)−Qtot(x+∆x, t) (4.4)

Equations (4.2) and (4.4) are equal in the left side, so, we can write the change
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in the flow from upstream to downstream as:

∂ρ

∂t
= −Qtot(x+∆x, t)−Qtot(x, t)

∆x
≈ ∂Qtot(x, t)

∂x
(4.5)

Finally, using the hydrodynamic flow-speed relationship Qtot = ρV :

∂ρ

∂t
+

∂(ρV )

∂x
= 0 (4.6)

Now, we need to incorporate the lane changing phenomena. In addition to

the inflow Qin and outflow Qout at the cell boundaries, changes in entering or

exiting flow from adjacent lanes due to lane-change can also affect the number of

vehicles. This additional flow will be included in the calculation of the number

of vehicles in the cell shown in Fig. 4.1. Consequently, Equation (4.4) needs to

be revised as follows:

dn

dt
= Qtot(x, t)−Qtot(x+∆x, t) +QLC(x, t) (4.7)

where QLC(x, t) represents the flow of vehicles that change lanes at the given

cell during time t. If vehicles are entering the target lane, the flow values will be

positive, but if they are exiting the target lane, the flow values will be negative.

Since Equation (4.7) is derived from the hydrodynamic flow equation, QLC can

take on any value (provided that the cell has sufficient capacity to accommodate

it). If one vehicle is entering the cell, QLC will be 1 vehicle over the time step.

The only requirement for QLC is that the flows resulting from lane changes are

constant along the length ∆x [66]. This assumption holds for a sufficiently short

cell length. Similar to Equation (4.5), for the density change in respect to the

time we have:

∂ρ

∂t
= −Qtot(x+∆x, t)−Qtot(x, t)

∆x
+

QLC(x, t)

∆x
(4.8)
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∂ρ

∂t
+

∂(ρtotV )

dx
=

QLC(x, t)

∆x
(4.9)

where QLC(x, t) = ρLC(x, t)·VLC(x, t), and VLC(x, t) is the speed of the vehicles

in the adjacent lane that makes the lane change. ρLC(x, t) is the lane change

density along the road cell (i.e., the number of vehicles changing lanes over

the length of the cell, which can also be fractional). Since the lane change

flow is assumed to be uniformly distributed, the value of ρLC(x, t) is considered

constant within each cell. In other words, the number of vehicles changing lanes

remains unchanged when evaluating each cell for a relatively short period of the

time. The time interval should be shorter than the LC phenomena duration in

order to make the assumption valid. An estimation for the density value will be

presented in the next subsection. Here, ∆x represents the length of the cell.

The density equation can be expressed in a discrete form now, considering

each dt and dx.

ρj(t+ 1)− ρj(t)

∆t
+

ρj(t) · Vj(t)− ρj−1(t) · Vj−1(t)

∆x
=

Qj,LC(x, t)

∆x
(4.10)

In the cell coordinates, we have cell j corresponding to location x and cell j− 1

stands for location x−∆x, representing ∆t and ∆x as time step and cell length

respectively. Thus, the future density of cell j at the next time step is:

ρj(t+1) = ρj(t)−
∆t

∆x
· (ρj(t) · Vj(t)− ρj−1(t) · Vj−1(t))+

∆t

∆x
·ρj,LC(t)Vj,LC(t)

(4.11)

In cases where complete information about all available vehicles and their

lateral locations is available, we can record the value of ρLC , which represents

the number of vehicles switching lanes per cell length in kilometers. However,

in general, computing ρj,LC(t) would require constant monitoring of each ve-

hicle, which can be challenging and involve additional parameters. Moreover,
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monitoring vehicles is only able to provide the current time step lane change

density not any estimation of ρj,LC(t) for the prediction horizon. To address

realistic problems and leverage the capabilities of connected vehicles, we provide

an estimate of the lane changing density several time steps in advance based on

certain assumptions.

Lane change density parameter

In this study, we propose an estimation for ρj,LC(t) that has been validated using

Simulation of Urban MObility (SUMO) simulations and calibrated for various

scenarios. Through literature review and experiments, it has been found that

the lane changing density depends on several factors in the simulation, such as

the speed ratio between the target lane and the adjacent lane at a given location,

the density difference of neighboring roads, and the actual density of each lane.

However, it is important to note that within the scope of this study, informa-

tion regarding driver decision-making and behavior is not available to accurately

capture the lane change density. The only data available is the estimated cell

density and speed for each lane, which is provided by CVs. Therefore, our

approach focuses on predicting the density value from the available cell states.

To achieve this, we have implemented a lane change model that estimates the

frequency of a lane change occurring at a given cell.

ρj,LC(t) =
I(V, ρ) · α

∆x
(4.12)

In the proposed estimation, the indicator function I(V, ρ) is used to estimate the

event of a lane change occurring. We introduce a modification factor, α, which

adjusts the occurrence of lane changes within each time step. This modification

factor takes into account that lane changing phenomena may take longer or

shorter than the time step duration (∆t). By adjusting α, we can control
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the impact of lane changes in relation to the time step. In summary, 1
α is

the duration of the lane change. The derivations are originally based on how

the density changes with respect to time. In hydrodynamic flow, the specific

rate of density change could be any continuous value, not necessarily a discrete

number. However, for our estimation, we consider a discrete representation of

lane changing phenomena to capture it as individual vehicles. As a result, the

estimated LC event indicator only outputs values from the set {-1, 0, 1}meaning

one or zero vehicles. Since time step and the cell length in the traffic flow model

is short enough to cover a single lane-change at a time, it is reasonable to

assume at most one lane change can happen for a single cell at each time step.

For instance, if we are interested in observing the time it takes for a vehicle to

change lanes, it has been mentioned in [67] that the total duration of a lane

change is approximately 1 s. However, our estimation aims to capture a full

lane change. Therefore, if the defined time step is not sufficient to observe a

lane change within the expected duration or longer, the estimated I(V, ρ) needs

to be modified using the modification factor α. To calculate α, if the time step

is less than 1 s, it will be decreased to provide a fractional density for that cell.

Conversely, if the time step is greater than 1 s, α will be increased to indicate

a higher value for the lane change density, particularly in those intervals where

lane changes are highly probable. For example, if a vehicle enters the cell, the

estimated probability should be equal to 1. For each cell we may have these

three cases:

ρj,LC(t) =



α
∆x 1 vehicle enters target lane, I(V, ρ) = 1

0 no LC happens, I(V, ρ) = 0

−α
∆x 1 vehicle leaves target lane, I(V, ρ) = −1

(4.13)

In the modified PW model definition, we make the convention that if more
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than half of the width of a vehicle is inside a cell in a certain lane, the entire

vehicle’s density belongs to that cell. Conversely, if less than half of the vehicle’s

width is inside an adjacent cell in the adjacent lane, it is assumed to be no LC

vehicle in the target cell. However, since both source and target lanes are still

occupied by the lane-change vehicle and no other vehicle can be at that location,

the framework is programmed to block either lanes at the location due to LC

occurrence. Additionally, the defined time step for the modeling in this study

represents a digitized view is required.

However, for any two adjacent cells in the same lane, the framework cal-

culates fractional densities to accurately capture the vehicles that are at the

boundary between the cells. This allows for a more precise representation of the

distribution of vehicles across adjacent cells among the same lane.

4.2 Speed equation derivation

In macroscopic first-order models, such as the Lighthill-Whitham-Richards (LWR)

model, the local speed and flow are statistically coupled to the density through

the fundamental diagram. However, in second-order models, the local speed has

an independent dynamic acceleration equation that describes speed changes as

a function of density, local speed, their gradients, and other external factors. In

the speed equation, the focus is on the driver’s perspective, which is why the

local speed is used. This means that the rate of speed change is derived based on

the trajectory (Lagrangian coordinates) rather than a stationary point, taking

into account the changing location over time. Moreover, the equilibrium speed

is computed for the traffic flow model as a function of speed and density. In

time-continuous second-order models, the acceleration equation takes the form
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of a second partial differential equation, as described in [66]:

dV (x, t)

dt
=

∂V

∂t
+ V (x, t)

∂V

∂x
= A[ρ(x, t), V (x, t)] (4.14)

where V (x, t) is the speed in location x at time t and A is the acceleration

which is function of the speed and density at a point. [66] mentions that the

acceleration includes these terms:

1. Mean acceleration of the vehicles in the neighbourhood where they want

to reach the local steady state or equilibrium speed (Ve). The time required

to reach the equilibrium speed is called the speed adoption time (τ) which is

assumed to be constant. So the acceleration would be:

Arelaxation(x, t) =
Ve(ρ(x, t))− V (x, t)

τ
(4.15)

2. The collective response of nearby vehicles also influences acceleration [68],

leading to changes in density and speed gradients. This effect arises from the

kinematic impact of speed variations within the traffic flow and also the driver

reactions, commonly referred to as traffic pressure. For instance, when transi-

tioning from a lower density region at the beginning of a to a higher density

area at the ending locations, it results in slower-moving vehicles downstream. As

more vehicles with lower speeds accumulate downstream, the local macroscopic

speed of the entire decreases. The speed variation is quantified as the density

change relative to the location, considering the speed variance, as discussed in

[68]:

Akin(x, t) = − c20
ρ(x, t)

· ∂ρ
∂x

(4.16)

where c20 is the traffic pressure constant which represents the speed variance.

According to [68], it is valid to assume that the speed variance is constant.
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3. Diffusion: diffusion describes the distribution of the vehicle densities [69].

In this study, it is assumed that there is no diffusion due to the short cell length

and using the Lagrangian coordinates for the speed as justified in [70].

4. Merging and diverging in the target lane. This term is available when

we have Vtarget-lane > Vadjacent-lane. The total derivative dV
dt of the local speed

denotes the rate of average speed change of vehicles in a small road with length

∆x. Similar to density equation, it is assumed that additional density due to LC

is uniformly distributed over this length. Thus, there is a kinematic acceleration

on behalf of speed change in elements available on the cell; which is assumed to

be constant during each time step. In other words, the speed from the actual

value of voriginal in upstream will be reduced to Vadjacent-lane in downstream.

The partial derivative would be included in rate of changing number of vehicles

and also rate of speed change. The rate of cell’s speed change is the average of

speed change for all n vehicles in the road cell (n = ρ∆x):

dV

dt
=

d

dt

(
1

n

n∑
α=1

vl

)
(4.17)

where vl is the speed of each vehicle in the cell. The average speed change

in Equation (4.17) includes the derivative of two terms that can be written

separately: the change in the number of available vehicles and the speed change

for n available vehicles.

First, suppose that LC is the sole reason for the change in the number of

vehicles within the cell. Like the change in the density in Equation (4.8) from

lane changing, additional flow from LC explains the rate of the change in the

number of vehicles [66]:

dn

dt
= QLC (4.18)

Second, regarding the speed change of all n vehicles, it is important to note that
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vehicles previously in the lane have no impact on the rate of the cell’s speed

change. Only new LC vehicles will influence the speed function, and thus, the

change in total speed is solely attributed to these new LC contributors among

all vehicles present in the cell at the end of the time step.:

d

dt

(
n∑

α=1

vl

)
= QLCVLC (4.19)

Finally, the acceleration term that is only related to LC will be the partial

derivative of the combination of two functions:

ALC(x, t) =
d

dt
(

1

n(t)

n∑
α=1

vα) = −QLCV

n
+

QLCVLC

n
=

QLC(VLC − Vx(x, t))

ρ∆x

(4.20)

It is important to note that Equation (4.20) only represents the speed change

on behalf of LC vehicles. The overall speed change depends on all mentioned

terms which is summarized as follows. Overall, the rate of speed change for the

cell includes multiple acceleration terms:

∂V

∂t
+ V (x, t)

∂V

∂x
=

Ve(ρ(x, t))− V (x, t)

τ
− c20

ρ
· ∂ρ
∂x

+ALC (4.21)

For the cell division in discrete time steps similar to definitions for Equation

(4.11), ∆t and ∆x can be written as the time step and cell length for short

interval values. The traffic pressure term also considers the density of one cell

ahead.

Vx(t+ 1)− Vx(t)

∆t
+ V (x, t)

Vx(t)− Vx−1(t)

∆x
=

Ve(ρ(x, t))− Vx(t)

τ

− c20
ρx(t)

· ρx+1(t)− ρx(t)

∆x
+

QLC(VLC − Vx(t)

ρx(t)∆x

(4.22)

For cell discretization, cell j represents location x and cell j − 1 represents

location x. In discrete time and space we have dt and dx. Also, we have
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QLC = ρLCVLC and we can use the presented density function for ρj,LC(t). A

small value ϵ is added to avoid a zero denominator.

Vj(t+ 1) = Vj(t)−
∆t

∆x
Vj(t)[Vj(t)− Vj−1(t)] + ∆t · Ve(ρ(x, t))− Vj(t)

τ

−∆t

∆x
· c20

ρj+1(t)− ρj(t)

ρj(t) + ϵ
+

ρj,LC(t)Vj,LC(t)(Vj,LC − Vj(t))

ρj(t) + ϵ

∆t

∆x

(4.23)

4.3 Modified PW model

As a summary of derivations, we present a second order model based on the

PW model. Traffic density and speed will be predicted for the next time step

via density and speed equations. This process is propagated for the prediction

horizon to facilitate the optimal control. The traffic states for cells are predicted

via the modified PW model:

ρj(t+1) = ρj(t)−
∆t

∆x
· [ρj(t) · Vj(t)− ρj−1(t) · Vj−1(t)] +

∆t

∆x
· ρj,LC(t)Vj,LC(t)

(4.24)

Vj(t+ 1) = Vj(t)−
∆t

∆x
Vj(t)[Vj(t)− Vj−1(t)] + ∆t · Ve(ρ(x, t))− Vj(t)

τ

−∆t

∆x
· c20

ρj+1(t)− ρj(t)

ρj(t) + ϵ
+

ρj,LC(t)Vj,LC(t)(Vj,LC − Vj(t))

ρj(t) + ϵ

∆t

∆x

(4.25)

Equations (4.24) and (4.25) are conservation and acceleration equations from

the PW model considering the lane change flow in discrete system. The equi-

librium speed Ve(ρ(x, t)) is computed as follows [4]:

Ve(ρ(x, t)) =


v0, 0 ≤ ρj(k) ≤ ρc

c · (ρjam/ρj(k)− 1), ρc ≤ ρj(k) ≤ ρjam

(4.26)
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ρc =
ρjam

v0/c+ 1
(4.27)

where v0 is free flow speed, ρjam is the jam density, c is the slope of density drop

in the density-speed chart between the critical density and the jam density, and

ρc is the critical density.

In the context of signalized intersections within the framework, it is im-

portant to consider that when a signal is in the red phase, the cell speed at

the location of the signal is zero as vehicles are required to come to a stop.

For simplification purposes, the yellow phase is also considered as part of the

green phase since vehicle can still enter the intersection, resulting in two dis-

tinct phases for the signal: the green phase and the red phase. Additionally, an

enhanced equilibrium speed algorithm is implemented to enhance the accuracy

of predictions based on [4]. This algorithm takes into account the influence of

the red light on the last several cells leading up to the signal. This modification

aims to more accurately reflect the impact of the red light on traffic flow. Given

the V2I connection, CVs are aware of the signal timing and the location of the

intersection.

4.4 Measurement Equations

The distance between vehicles is closely related to the cell density and the

vehicle speed is also related to the cell speed. Among all vehicles, CAVs can

measure part of distance and speed values. Therefore, measurement equations

can describe the relation between cell states and vehicle information via linear

interpolation as explained in [3].

yvi(k) = λi(k)vji+1(k) + [1− λi(k)]vji(k) + wvj (4.28)
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ydi
(k) = βi(k)

1

ρji+1(k)
+ [1− βi(k)]

1

ρji(k)
+ wdj

(4.29)

where yvi is the speed of the i-th captured vehicle via V2V, including both CVs

and their adjacent vehicles; ji is the index of the last cell the preceding vehicle

passed; λi(k) = dvi(k)/dx − ji is the interpolation coefficient; dvi(k) is the

location of the i-th preceding CV; wvj is a Gaussian random variable to model

measurement uncertainties. ydi is the car-following distance of two consecutive

vehicles; βi(k) = ddi(k)/dx − ji is the interpolation coefficients; ddi(k) is the

middle position between two consecutive vehicles; ji is the index of the left cell

near ddi(k), and ρji is the density of the cell ji. Readers are referred to [3] for

demonstration details.

4.5 Lane change model

This study on CV control focuses on predicting LCs motivated by speed gain.

This section and proposed analysis is conducted based on these speed-gaining

lane changes. In other words, if a faster lane is available, there is a motivation

to change lanes; otherwise, lane changes are not predicted to occur. The reason

for this type of lane changing is that the target vehicle vehicle is trying to save

energy and as a result creates a larger gap; as a result, other vehicles may

decide to use that gap in order to increase their speed. It should be noted that

other types of lane changes, which may involve specific geometric considerations

or vehicle routing strategies (e.g., lane changes for left or right turns), are not

predicted by this model. If other motivations for lane changing can be predicted,

then the modified traffic model is capable of predicting the corresponding traffic

states. Furthermore, it is assumed that there is no requirement for vehicles to

exclusively drive in the rightmost lanes or keep the leftmost lane clear, and all

lanes have equal priority for vehicles when traveling at free-flow speeds.

32



This section presents an attempt to predict lane changes to update the traffic

flow model using an analytical model. To address realistic problems and leverage

the capabilities of CVs, we can provide an estimation of the LC density (ρLC)

in Equations (4.24) and (4.25) several time steps in advance. The modified

traffic flow model incorporates non-zero lane change density to account for lane

change occurrences. A prediction method is developed and integrated into the

cell model to determine when and where lane changes take place. The presented

method is adaptations of the Krajzewicz lane-changing model, tailored to the

available traffic state information [71]. This study utilizes cell occupancy data to

detect vehicles and estimate the probability of lane changes at each cell. Where

a CV is available, the measured speeds and distances are applied to enhance the

model accuracy.

In the Krajzewicz lane-change (LC) model, each vehicle compares the feasible

speed in its current lane with the feasible speed in the adjacent lane at the

closest x coordinate. If there is a significant difference between these two values,

the driver attempts to make a lateral movement (a lane change). The model

introduces a benefit function that can be computed at each time step and added

to the cumulative values for each vehicle from previous steps. This benefit

function serves as a criterion for determining the desirability of a lane change

for a given vehicle. A positive value represents a benefit for changing lanes from

the adjacent lane to the target lane due to a speed increase.

bln(t) =
vsafe(t, lt)− vsafe(t, lc)

vmax(l)
(4.30)

where blt(t) is the benefit of a vehicle to change to a target lane lt at time t,

lc and lt are the vehicle’s current and target lanes, respectively, vsafe(t, l) is the

speed the vehicle could drive safely with on lane l at time t (in m/s), and vmax(l)

is the maximum speed the vehicle can take which assumed to be free flow speed.
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The values of safe speed for each lane are calculated as follows [71]:

vsafe(t) = min
(
vmax(l),−τ · b+

√
(τ · b)2 + vleader(t− 1)2 + 2 · b · g(t− 1)

)
(4.31)

where vsafe(t) is the safe speed at time t; τ is vehicle’s reaction time, b is the

maximum deceleration ability of the vehicle, vleader(t) is speed of the leader,

and g(t) is the gap between the vehicle and the leader (bumper to bumper) at

time t. Finally, the safe speed must be less than or equal to the free flow speed.

In other words, when there is a large gap, vehicles are driving with the free flow

speed rather than the value computed by the right part of Equation (4.31).

As mentioned, the model takes into account the quantitative benefit that is

associated with the potential speed increase due to lane change. The value of

benefit at a given time step is computed, and the corresponding value is cumu-

latively added to a variable called benefit memory comprehensively explained

in [71]. The benefit memory models the magnitude of LC motivation for a sin-

gle vehicle quantitatively. The main reason for selecting the cumulative benefit

memory concept is to model the driver behavior by quantifying the speed gain

from the current time step up to several seconds in advance. This process is

done for every single cell or every single vehicle at each time step. However,

if the current lane is already faster than the adjacent lane (indicating no ben-

efit for lane changing), the cumulative memory value is divided by two. The

memory value for each vehicle is updated at each time step. When it exceeds a

predefined threshold, the model predicts that a lane change will occur for that

specific vehicle at that time step. The impact of the threshold value will be

presented in the results section.

It is important to note that for a lane change to occur, there must be suffi-

cient space available for the lane-changing vehicle, which is assumed greater or

equal the length of the vehicle plus two minimum gaps (one for the front, one
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for the rear).

A numerical example will be presented to clarify this process. Assuming

there are two lanes, the free flow speed for both lanes is 20 m/s. There is a

vehicle in lane 1 that approaches a slower preceding vehicle which is cruising at

a constant speed of 15 m/s. In the previous time step, the gap between the two

vehicles was measured to be 15 m. Using Equation (4.31), the safe speed for the

mentioned lane is around 15.35 m/s. However, the safe speed in the adjacent

lane is still free flow speed (20 m/s). The benefit of this time step would be:

bln(t) =
20− 15.350

20
= 0.233 (4.32)

This value will be added to the prior benefit memory, and when it exceeds the

threshold of 2 in this example, the vehicle will decide to perform the lane change.

Choosing shorter time steps will result in better lane change predictions. The

value of threshold should be determined for the scenario. In the results section,

the various threshold values are examined.

LC model for cell occupancy estimation

Being aware of the current location of all vehicles with their respective lane

numbers can provide a simple and accurate lane change prediction but it is not

practical when some vehicles are not connected. In a mixed platoon, the ability

of CVs to measure the location of all vehicles depends on the MPR. At lower

MPRs, all vehicles’ locations are not available.

Instead, a more feasible approach is to monitor the occupied cells by analyz-

ing the cell density values at each time step to identify vehicles and predict their

lane changes. By examining the occupied cells, it becomes possible to approxi-

mate vehicle locations. Additionally, considering that certain connected vehicles

(CVs) measure speeds and distances, these values can aid in more accurately
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identifying vehicles. The process involves first using cell density monitoring to

determine the presence of a vehicle within a cell. Second, if a vehicle is iden-

tified within that cell, and if measured speed and distance data are available

within the cell, these measured values are utilized to enhance the accuracy of

predictions. In cases with no measured values available, the cell densities and

speeds are translated into the location and speed of that vehicle, which may

cause some errors.

When targeting a specific vehicle, it becomes possible to monitor several

cells ahead to identify the leader vehicle in an occupied cell. Utilizing Equation

(4.29) provides the estimation of the approximate location of the leader. Once

the locations are determined, the cell speed is used to calculate the leader’s

speed and subsequently determine the safe speed from Equation (4.31). Finally,

the benefit value is calculated based on the safe speeds in the current lane and

the target lane. In the case of no leader captured or gap amount is higher than

the effective range, we assume that the preceding or leader vehicle is far enough

to let the targeted vehicle drive without any impact of the preceding vehicle.

Therefore, the leader speed is assumed to be the free flow speed.

During the process, when the cumulative benefit memory exceeds the thresh-

old, the lane change model indicates a probable lane change at that time step.

For example, suppose that the actual benefit memory for a certain vehicle at

t = 15 s is 1. At the current time step, the lane change model computes the

benefit values for the next 6 s with a time step of dt = 0.5 s. Assuming the list

of computed benefits for each time step is [0, 0.1, 0.2, 0.2, 0.3, 0.25, 0.3, 0.2, 0.3,

0.3, 0.3, 0.3], and the threshold is set to 2. Therefore, the cumulative benefit

for the given duration is [0, 0.1, 0.3, 0.5, 0.8, 1.05 , 1.35, 1.55, 1.85, 2.15, 2.45].

The cumulative benefit memory value exceeds 2 within the next 4.5 seconds.

This means that the model predicts a lane change for this particular vehicle at

36



t = 19.5 s. However, it is important to note that not all vehicles may experience

a lane change if their benefit memory does not exceed the threshold.

The final step of the LC model involves checking for sufficient space in the

target lane. As the location of the lane changing vehicle (target vehicle) is

estimated, the cell occupancy in the target lane is examined to ensure there is

ample room for the vehicle to change lanes. To check that, the cell density is

evaluated taking into account the cell length, minimum gap, and a minimum

space required for the lane-change vehicle. A maximum density is determined

for the mentioned parameters in the scenario. If there is insufficient space, the

vehicle will need to wait until the next time step and postpone the lane change

until enough space becomes available.
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Chapter 5

Optimal control

In this section, a control strategy is described with the primary objective of

minimizing energy consumption while ensuring passenger comfort and provid-

ing the required mobility. To align with the traffic model, the speed is controlled

over the optimal control horizon. Therefore, the optimization problem focuses

on determining the optimal acceleration value for the target CAV, making it

the decision variable for each time step. Since the optimization problem has to

be solved for the prediction horizon, the decision variables include a list of the

acceleration values for the entire time steps during the prediction horizon. More-

over, speed and position for each time step are calculated from the acceleration

using the vehicle dynamics.

In each optimization cycle, we minimize the consumed energy of a target

vehicle starting from the current time up to a predefined prediction horizon.

Finally, the energy consumption in discrete time can be presented. It should be

noted that based on the problem definition, the target CAV has the main contri-

bution to energy reduction. Overall, the control strategy focuses on the energy

efficiency of the target CAV not the consumed energy of the traffic platoon.
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This study uses the Sequential Least Squares Programming (SLSQP) method

[72] to solve the optimization. The objective function represents the required

power to overcome resistance, provide acceleration, and grade [73]. It consists of

linear, quadratic, and cubic terms which results in a non-linear objective func-

tion. To handle the cubic term in the objective function, a linear approximation

is employed, with minor error in the energy consumption equation.

The optimal control strategy operates in coordination with the traffic flow

model and the LC model, which are used in traffic constraints. CVs measure

and transmit traffic information, which is then filtered and estimated using the

UKF. The LC model, together with the modified PW model, aims to predict

lane changes for each cell and subsequently forecast cell density and speed. This

prediction process generates trajectories for preceding vehicles. By obtaining

these trajectories, the control strategy establishes constraints and adjust the

speed of the target CV in the upcoming seconds.

5.1 Vehicle dynamics

Since the control variable is acceleration, the vehicle’s dynamics including the

position and speed are calculated by kinematics:

v(k + 1) = v(k) + a(k) · dt (5.1)

x(k + 1) = x(k) + v(k) · dt (5.2)

where k is the time stamp, x(k) is the longitudinal location of the target CAV

at time k, and finally v(k) and a(k) are the longitudinal speed and acceleration

respectively.
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5.2 Objective function

The main objective of the control strategy is to minimize energy consump-

tion during traveling, while also ensuring a comfortable driving experience. To

achieve this, penalty terms are introduced for the acceleration value and the

rate of acceleration changes. Acceleration change is included to ensure that

the vehicle has the capability to reasonably adjust the acceleration. The en-

ergy consumption rate is calculated using a well-known parametric road load

equation, which incorporates the principles of vehicle dynamics based on funda-

mental physics laws [73]. Vehicle powertrain principles are not in the scope of

this study but drivability and vehicle capabilities are considered as constraints.

Loss function is follows:

J = min

∫ tf

t=t0

(Paero+Paccel+Proll+Pgrade+w1a
2+w2∆a2+w3 ·s21+w4 ·s22)dt

(5.3)

P terms stand for the required power in respect to the time. Paero is aerody-

namic drag power (air resistance), Paccel is acceleration power, Proll is rolling

resistance power, and Pgrade is road grade required power. The objective func-

tion is discretized using the pseudo-spectral method [74] for each time step in

the prediction horizon, considering that the trajectories are available at discrete

times.

J = min

NH∑
0

[
0.5ρCDa(k)v(k)3 + CRRmkgv(k) + kmmta(k)v(k) +mtgZv(k)

+w1a(k)
2 + w2∆a(k)2 + w3 · s1(k)2 + w4 · s2(k)2

]
(5.4)

where NH is the number of steps in prediction horizon, v(k) is the vehicle speed

at time step k (m/s), a(k) is the vehicle acceleration (m/s2), ρ is the density of

air (∼ 1.2kg/m3), CD is the aerodynamic drag coefficient, A is the frontal area
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(m2 ), CRR is the rolling resistance coefficient, mt is the total vehicle mass (kg),

g is the gravitational acceleration (9.81m/s2), Z is the road gradient (%) and km

is a factor to account for the rotational inertia of the powertrain. We assumed

a value of km = 1.1 [75]. w1, w2, w3, and w4 are positive constant weights for

the penalty term. s1(k) and s2(k) are slack variables to be penalized and are

presented in the constraints section. At each time step, the energy consumption

rate is calculated starting from actual time and up to the prediction horizon

(10s) which results in the vehicle power.

5.3 Constraints

A target vehicle is subject to two types of constraints: physical boundaries and

traffic constraints. Both types of constraints impose limits on the vehicle’s speed

and acceleration, ensuring safe and compliant operation within the given traffic

environment.

(i) Physical bounds The physical boundaries take into account the vehicle’s

dynamics and capabilities, ensuring that it operates within its physical bounds

such as speed and acceleration.

vmin ≤ v(t) ≤ vmax (5.5)

amin ≤ a(t) ≤ amax (5.6)

where vmin is set to be 0, amin represents the maximum deceleration rate, and

amax is the maximum acceleration.

(ii) Traffic constraints The traffic constraints govern the vehicle’s behavior

in accordance with traffic principles, including maintaining a reasonable car-

following distance and adhering to traffic signal rules. First, the target vehicle

must maintain a safe distance with the preceding vehicle to avoid collision, in
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addition to a maximum distance to ensure mobility [4]. Therefore, given the

availability of a preceding vehicle, we enforce the constraints:

d(t) ≥ dp(t) + β · σ[dp(t)]− dmax − s1(t) (5.7)

d(t) ≤ dp(t)− β · σ[dp(t)]− (dmin + hmin · v(t)) + s2(t) (5.8)

s1(t), s2(t) ≥ 0 (5.9)

where d(t) is the target vehicle location at time t and dp(t) is the preceding

vehicle location which is available from the predicted trajectory. In other words,

dp(t)−d(t) is the distance between the target vehicle and the preceding vehicle.

β is the confidence level which is assumed to be 1 according to [11]. dmax is the

maximum allowable distance to the preceding vehicle to ensure mobility and

the traffic throughput, dmin is the minimum distance between vehicles to avoid

collision, hmin is the minimum headway in seconds, and σ[dp(t)] is the standard

deviation of the estimated location of the immediate preceding vehicle. For

computation methods and further explanations, readers are referred to [11, 6].

Finally, s1(t) and s2(t) are positive slack variables that help control and avoid

invisibility when values are close to the equation boundaries and are penalized

in the objective function in Equation (5.4).

When the target vehicle is within the range of V2I communications, addi-

tional information becomes available, enhancing energy efficiency due to the

presence of SPaT messages. Assuming that the location and speed of the target

vehicle, and the distance left to the signal are available, the control strategy

aims to ensure that the target CAV arrives at the intersection within a critical

time, i.e. the latest time that target CAV can arrive to the signal location based

on the control. This critical time, combined with the distance left to the inter-

section, determines the target CAV’s required speed. The approach addresses
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two main requirements. First, it ensures mobility when there is no preceding

vehicle, and as a result, there is no maximum spacing constraint to implement

the Equation (5.7). Second, considering the signal phases, the target CAV can

adjust its speed to reach the intersection at the nearest green light. Since the

decision variable is the acceleration, and the speed can be directly computed by

(5.1), the speed control is constrained by an optimal speed:

voptimal ≤ v(t) (5.10)

where voptimal is an optimal speed that is computed from the described crit-

ical time and distance remaining to the signal. Employing this lower bound

for the speed guarantees that the vehicle will generate a plan to arrive at the

closest possible green light. Simultaneously, maximum and minimum spacing

constraints in Equations (5.7) and (5.8) ensure the reliability of the model in a

fast-changing flow case.

Furthermore, when the signal is in the green phase and the target CAV is in

the last cell left to the signal, the optimal speed is designed to uniformly increase

to reach the free flow speed at a predetermined rate which is based on the free

flow speed value. The main reason is to ensure the vehicle will pass green light

with no latency. In this case, the value of voptimal is small due to small distance

left while a longer green time is available particularly if the vehicle arrives at

the beginning of the green phase. Therefore, if the car-following spacing to

the preceding vehicle is smaller than dmax from Equation (5.7), the framework

decides to slow down until last seconds of green light. However, when the target

CAV is in other cells other than last cell, the constraints in Equations (5.7) and

(5.10) balance the car-following spacing along with passing the nearest green

phase.

The target vehicle can only pass through the intersection when the signal is
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in the green phase [4]. The predicted location of target vehicle at the time when

signal is red, should be after the signal location. Additionally, in the traffic flow

model, it is assumed that the speed of the last cell is equal to zero when the

signal is in the red phase.

d(tgreen) ≤ dsignal ≤ d(tred) (5.11)

tgreen and tred represent the starting times for the next green and red lights,

when the eco vehicle is close to the intersection. dsignal is the location of the

signal, d(tgreen) and d(tred) are the predicted locations of the target CAVs at

that certain time stamp.

As mentioned, the optimal control strategy can take into account a connected

signalized intersection. When an target vehicle is not within range of SPaT

messages, it relies on Equations (5.5)–(5.8) for its decision-making. However,

when the eco vehicle can receive real-time signal timing information through the

V2I connection, it can adjust its speed to find an optimal speed for traversing

the intersection. For instance, if the eco vehicle determines that it can only reach

the current green phase by driving at maximum speed, it plans the speed control

accordingly. On the other hand, if the current signal phase is red, the eco vehicle

aims to slow down in order to delay its arrival time at the intersection, allowing

it to potentially catch the next green phase. To incorporate SPaT messages into

the optimal control when the connected intersection is within range, an optimal

speed is computed based on the remaining distance to the intersection. This

ensures the eco vehicle’s best performance in passing the intersection. Equation

(5.10) is introduced to determine the minimum speed required to ensure that the

eco vehicle reaches the earliest feasible green phase, replacing the maximum car-

following distance in Equation (5.7). This modification allows the eco vehicle to

maintain higher distances while guaranteeing mobility and traffic throughput.
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In summary Equation (5.13) specifies the constraints for this problem:

J = min

NH∑
0

[
0.5ρCDa(k)v(k)3 + CRRmkgv(k) + kmmta(k)v(k) +mtgZv(k)

+w1a(k)
2 + w2∆a(k)2 + w3 · s1(k)2 + w4 · s2(k)2

]
(5.12)

s.t.
Equations (5.5), (5.6), (5.7), (5.8) |dsig − d(t0)|> SPaT range

Equations (5.5), (5.6), (5.8), (5.10), (5.11) |dsig − d(t0)|≤ SPaT range

(5.13)

where d(t0) is the location of the target CAV at the start time of optimization

that is available for a given CAV.
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Chapter 6

Numerical results

The numerical results section begins by presenting the created scenarios and

assumptions employed in the simulation. The performance of the entire platform

is then presented, specifically in terms of energy efficiency, highlighting the

benefits achieved, which serve as the main motivation for this study. It includes

evaluation of parameters in the LC prediction model, assessment of various

traffic volumes, and various MPRs energy benefits. Furthermore, in order to

account for potential side effects of the control strategy, the travel time and

trajectory of the targeted CAVs are assessed. Finally, the precision of the traffic

prediction component is studied as a secondary concern.

6.1 Simulation procedure

The presented method is implemented in a traffic simulation to calculate the

energy consumption and compare it to the models that do not consider the

impact of lane changing. SUMO (Simulation of Urban MObility) software is

utilized for the implementation of the mechanism. To retrieve values, program,

and control the target vehicles, the ”Traffic Control Interface” (TraCI) is used,
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Figure 6.1: A section of the scenario, modeled traffic stream are loaded on
the network, and the red vehicle is the target CAV controlled by the optimal
strategy

which provides online access to a running simulation [76, 77]. TraCI is a client-

server interface that is used via Python programming language in the current

study. For more detailed information, readers are referred to [76]. In summary,

a network is created along with a defined traffic demand. The traffic demand

enters the network and is updated at every time step. Information regarding the

vehicles, lanes, signals, and other elements can be retrieved from the simulation

at each time step. Furthermore, values such as dynamics and characteristics for

the elements can be programmed and changed dynamically for each time step.

Fig. 6.1 represents a section of a scenario including 150m before and after the

signal. The red vehicle is the target CAV that is controlled by Equation sets

(5.12) and (5.13). As depicted, since the traffic light is in red phase and cells

ahead have lower amounts of speed, the controlled vehicle slows down earlier

and as a result, maintains larger gap. The larger gap induces a lane-change

which is mentioned by arrow in figure. The simulation procedure is explained

as follows:

(i) Network: The network consists of a two-lane, one-way road with a sig-

nalized intersection. To focus on the impact of lane changing, the signal has

only two phases: one 20 s red phase and one 20 s green phase. The yellow

phase is assumed to be 2 s and is modeled in the network. But, it is considered

as part of the red phase for the traffic prediction modeling. The road section

can either be a long road segment or include a warm-up section. However, the
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most significant section is within the range of the connected intersection where

signal timing can be received. The V2I range is assumed to be 350 meters. The

network includes a 150 m section before the range, a 350 m section within the

range and preceding the signal, and a 350 m section after the signal and within

the range. The right lane is labeled as ’1’, and the left lane is labeled as ’2’.

Traffic flow is defined as the demand applied to the generated network. To

model lane changing due to speed gain, the right lane (lane 1) is assumed to be

the slower lane, while the left lane (lane 2) serves as the fast or target lane for

LC vehicles. In lane 1, a slow vehicle is introduced into the scenario frequently

to create sufficient motivation for lane changing, simulating behaviors such as

buses or recreational cruising vehicles. Each element in the traffic flow within

the SUMO simulation must be assigned one of the predefined vehicle types.

For this study, three vehicle types are defined: regular HVs, CVs, and slow

vehicles. Table 6.1 provides a further explanation of how vehicles are categorized

in each lane. The target CAV is also assumed to follow the CV type in term of

characteristics and parameters, but controlled by the optimal control.

(ii) Demand: To ensure a realistic traffic simulation, vehicles are introduced

into the scenario randomly based on a departure plan. For each MPR and

traffic volume, 20 sets of departure plans are generated. The plan involves

initiating a specific number of vehicles within a defined time interval, with the

departure time of each vehicle being randomized in this process. Seeds are also

employed to facilitate scenario reproducibility. The introduction of randomness

in vehicle departures results in diverse vehicle spacing and a range of lane-change

phenomena, enabling a robust evaluation of the LC model.

To investigate the influence of congestion and traffic volume on the method

performance, 6 various traffic flow sets, ranging from low volume to high volume,

are provided for both lanes. Based on the scenario, a certain number of vehi-
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Table 6.1: Vehicle types modeled in two lanes

Lane/Type HV CV Slow
Lane 1 ✓ ✓ ✓
Lane 2 ✓ ✓ —

cles in various types (Table 6.1) depart over 50 seconds which is subsequently

translated to the traffic volume.

The traffic volume in each lane is composed of vehicles from different types,

and the ratio of CVs to all vehicles determines the MPR in each lane. When

defining the traffic demand for the lanes, efforts are made to maintain a similar

MPR for both lanes. This approach ensures a balanced representation of CVs

in the traffic flow and enables a fair comparison.

(iii) Method implementation process In the simulation scenarios, all CVs

are capable of measuring the distance to their immediate leader and follower

vehicles, as well as their own speed and relative speed for the leader and the

follower vehicle. The specific measurement capabilities of CVs may vary across

studies. In each time step, CVs share the collected information, which is then

used to estimate the cell states. Measurement equations are employed to con-

vert speed and distance measurements into cell density and speed estimates.

Simultaneously, the traffic states from the previous time step are input into the

traffic flow model to generate model estimations. The UKF is utilized to com-

bine these two estimates, providing an estimation of the current cell densities

and velocities. Moreover, the algorithm takes into account the influence of the

red light in Equation (4.26) on the last 6 cells, equivalent to a distance of 90

meters.

The modified PWmodel predicts cell states for the next 10 seconds, while the

LC model forecasts LC occurrences only 4–6 seconds in advance. It has been ob-

served that lower prediction horizons yield reduced energy benefits, while higher
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horizons result in inaccuracies and overestimation in LC predictions. The opti-

mal control computes acceleration values for the same 10-second horizon as the

PW model, but with time steps of 0.5 seconds, compared to the traffic model’s

1-second time steps. Among the computed accelerations for the next 20 time

steps, only the acceleration of the first and second time steps will be used for the

control. Subsequently, the optimization process is rerun to obtain updated opti-

mal values. This iterative process ensures efficient speed adjustments, and fuel

consumption is computed accordingly for each time step. The traffic prediction

model and also the optimal control are updated every 1 second.

The target lane for lane changes which is specifically lane 2 in scenarios,

is intentionally designed to be less congested in the generated scenarios. This

configuration ensures the availability of sufficient gaps and opportunities for

successful lane changes. The instantaneous nature of lane changing in the SUMO

simulation makes capturing fractional vehicle locations not possible. Meaning

that the vehicle in each time step only belongs to a certain lane not proportion

of it in a lane. This is compatible with the stated convention in Section 4.1.

In the following figures, each data point represents average of 20 randomly

generated scenarios. We report the average effect on the target CAVs and ex-

clude the effects on other vehicles. Furthermore, the error bars are standard de-

viation of these 20 scenarios. Moreover, the energy consumption of the optimal

control generated by the standard PW model without LC prediction represents

the baseline.

We have observed that the positioning and sequence of the target CAV within

the platoon exert a notable influence on the energy advantages achieved. Factors

encompassing the gap, preceding vehicle characteristics, and the likelihood of

lane changes ahead of the target CAV significantly contribute to these energy

benefits. To consider various situations and cover the impact of various lane
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changes in the platoon, the control is applied to the last CAV in the formation.

Adding multiple target CAVs was also an available option but the speed control

of a vehicle will affect all following vehicles. Therefore, in addition to the LC

impact, latter target CAVs are also influenced by the earlier target CAVs which

is not the main goal of the study.

6.2 LC model performance

In this section, we evaluate the performance of the LC prediction model in Equa-

tion 4.30 when coordinated with the modified traffic flow model in Equations

(4.25) and (4.24). The threshold value in the LC model plays a crucial role in

determining LC predictions. Lower threshold values indicate a more sensitive

model that predicts a higher number of lane changes and LC density overestima-

tion from Equation (4.13). On the other hand, larger threshold represent a less

sensitive model which can result in two phenomena at high values: first, zero

LC prediction and second, delayed LC prediction which has a negative impact.

We analyze the energy consumption of the system based on different thresh-

old values to figure out the appropriate values for the model. Thus, we select

various thresholds with increments of 0.5 and record the corresponding energy

benefits. Where the benefit values are close and relatively large, threshold in-

crements are 0.25 to identify the peak more accurately. The traffic volume is

the flow set which has the highest energy benefit that presented in the following

subsection.

Figure 6.2 demonstrates the energy benefit of the modified framework com-

pared to the baseline at 70% MPR. As depicted, values between 2 and 2.5 result

in more energy efficiency which is due to better LC prediction. False LC predic-

tions misguides the optimal control and results in less energy benefit and even

energy loss compared to the baseline. It is observed that for threshold values of
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Figure 6.2: Target CAV energy benefits at various threshold rates of the LC
prediction model

0.5 and 1, the modified platform could result in disadvantage. Due to a higher

proportion of incorrect predictions, there is greater uncertainty and standard

deviation in these threshold values as well. Moderate threshold values between

1.5 and 2.5 result in relatively lower fluctuations, indicating a more robust LC

model. On the other hand, values of 2.75 and higher tend to underestimate the

occurrence of lane-change events, leading to reduced energy benefits as some

LC phenomena are missed or delayed in the prediction. Additionally, it is im-

portant to note that a threshold value of 0 is not practically applicable and is

assumed to represent the baseline scenario where the LC model is not activated.

6.3 Energy benefits for various traffic volumes

In order to encompass a wide range of traffic volumes, a comprehensive set of

flow sets are defined, ranging from 800 to 2000 vehicles per hour per lane. The

created traffic flow sets represent various traffic volumes in the scenarios. For
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Figure 6.3: Target CAV energy benefit for various traffic volumes

smaller volumes, larger gaps are observed, while congested sections are observed

in larger volumes. When the traffic volume is small, there are scenarios with

no LCs since vehicles can drive at free-flow speed and leave the scenario before

reaching a slow vehicle, providing no reason to change lanes for speed gain.

Even if there is a slow vehicle nearby, there are fewer vehicles that perform LCs

in small volumes. Moreover, gaps are large enough to allow vehicles to change

lanes freely with little impact on other vehicles. Consequently, predicting LCs

has a minor impact on other vehicles in lower traffic volumes.

On the other hand, in higher volumes, the number of LC events increases

due to the presence of more vehicles, while gaps become smaller. This results in

the target CAV experiencing more frequent LCs immediately at the front and

at closer distances. As a result, the LC prediction and control platform yield

more significant advantages in higher traffic volumes. However at even higher

volumes, there is insufficient gap in the target lane to execute LC. Consequently,

in high volumes where LCs cannot occur due to shorter gaps, predicting LC will

not yield much benefits.
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Table 6.2: Dynamic and driver parameters for the defined vehicle types in sim-
ulation

Type length(m) min gap(m) max deceleration(m/s2) min time headway(s) imperfection
HV 5 2.5 4.5 1 0.5
CV 5 2.5 4.5 0.9 1
bus 5 2.5 3 1 0.5

Maximum acceleration for all types is 2.6 m/s2

The traffic volumes significantly influence the frequency and impact of lane

changes on the target CAV, which, in turn, affects the benefits of the LC pre-

diction and control platform. Figure 6.3 depicts the benefits of the presented

platform compared to the baseline at threshold value of 2.5. As depicted, traffic

volume of 1300 vehicles per hour which is a moderate volume has the highest en-

ergy benefit with average benefit of 9.2 % for the target CAV. Either lower and

higher volumes result in less energy efficiency due to the mentioned rationals.

In traffic volumes below 800 vehicles per hour, the frequency of lane changes

is naturally reduced due to less speed gain motivation as drivers in lane 1 and

lane 2 have approximate safe speeds from Equation (4.31). Similarly, for traffic

volumes exceeding 2000 vehicles per hour, the frequency of lane changes is also

diminished due to fewer available gaps and opportunities for lane changes in

highly congested conditions.

6.4 Energy benefit for various MPRs

More CVs provide a greater amount of measurement and traffic information,

leading to better cell density and speed estimation. As a result, more accurate

safe speeds and gaps are computed using the Equation (4.31), which in turn

results in more precise LC predictions. This is expected to lead to higher levels

of energy benefits for the target CAV.

In the simulations, both lanes are defined with similar MPR, and both CVs

and HVs are allowed to change lanes. However, according to [78], CVs are
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defined slightly differently from HVs in terms of their driving behavior. This

difference in driving behavior can cause CVs to make different lane-change ac-

tions compared to HVs, but both types of vehicles still perform lane changes

due to speed gain. Table 6.2 explains the distinctions in the definitions of the

vehicles. The main differences in driving behavior include the time headway,

which represents the driver’s desired (minimum) time gap between vehicles, and

the driving perfection, which indicates how skilled the driver is. For CVs, it is

assumed that they are partially automated, leading to a lower time headway

and a lower level of imperfection in their driving behavior.

As previously mentioned, different traffic volumes result in varying energy

benefits. To focus only on the impact of MPR, the traffic flow set with the

highest energy benefit is selected for this part. Figure 6.4 demonstrates the

energy benefit values for various MPRs with a model threshold of 2.5. Starting

from low MPRs, there is no energy benefit due to the lack of data in the es-

timated cell states. The LC prediction model heavily relies on the cell density

and speed estimations to compute the safe speed by Equation (4.31). The cell

density and speed also have a relation to the measured values which explained

by Equations (4.29) and (4.28). When estimations are not precise, the safe

speeds in the two adjacent lanes become less accurate, and the benefit function

from Equation (4.30) does not represent actual LC occurrences. This scenario

aligns with the baseline and results in minor energy benefits for MPRs close to

10%. As the MPR increases, the LC prediction is based on more information

provided by CVs, leading to higher energy benefits. The highest improvement

for the target CAV compared to the baseline is an average of 13%. Moreover,

higher MPRs result in fluctuation reduction due to awareness of vehicles and

their leader location.

Even in a partially connected platoon, the distances to non-connected vehi-
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Figure 6.4: Target CAV energy benefit at various MPRs

cles and speeds can be measured. It is observed that after 60% MPR, there is

sufficient information about the vehicles states for the LC model which results

in more than 10% energy benefits for all MPRs over 60%.

As the MPR changes, the total number of available CAVs in the scenario

also varies. For instance, the order and position of the target CAV at 10% MPR

differ entirely from those at 90% MPR. To minimize fluctuations in the change

of the target CAV, a strategy is employed where, for each pair of consecutive

MPRs, the same CV becomes the target. For instance, in the generated scenario,

the 7th CV in the platoon becomes the target CAV for both 90% and 100%

MPRs. The reduction in benefits as the MPR increases can be attributed to

this implementation.

6.5 Travel time assessment

As discussed in the optimal control section particularly in the constraints (Equa-

tions (5.7) and (5.10)), ensuring mobility is a critical aspect for any viable model.
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Figure 6.5: Travel time comparison in various volumes at 75% MPR

An optimal control framework that reduces energy consumption but leads to

longer travel times for vehicles would be impractical as it could negatively im-

pact the road capacity and user satisfaction.

In the previous sections, it is presented that the modified framework results

in more energy efficiency at various cases. To assess the impact of our proposed

framework on travel times, we recorded the travel times for various traffic vol-

umes. Figure 6.5 illustrates the average travel times for the modified framework

and the baseline where changes are also mentioned in percentage. Notably, the

travel time increases are minimal, with the average increase rate of 1.2% of

the total travel time for the target vehicles. This indicates that our framework

maintains mobility, particularly for volumes equal to or less than 1300 vehicles

per hour.
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Figure 6.6: Trajectory comparison at 75% MPR for the target CAV

Figure 6.7: Speed comparison at 75% MPR for the target CAV
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6.6 Trajectory comparison

The optimal control computes speed values for the vehicle at each time step,

which are determined by the platform using Equation (5.1). To assess the trav-

eled distance over time, we plotted the trajectory and speed values recorded

from both the modified framework and the baseline in Figure 6.6. This figure

demonstrates a single scenario with an energy benefit of 12%, which is close

to the average value observed in the scenarios at 80% MPR. Figure 6.6 repre-

sents trajectory and Figure 6.7 represents the plot of speed as function of time.

Vertical red lines in the figure indicate the locations where LC occurred, and

it is evident that the modified framework aims to smoothly reduce the speed

(slope in the figure) before each lane change event. A comparison between the

two trends shows that the slope changes in the non-lane change framework are

larger than those in the modified framework, indicating the source of higher

fuel consumption in the baseline. Notably, both cases arrive at the end of the

segment at approximately the same time, with only a 0.5-second difference in

travel time.

In order to verify and evaluate the speed control, speed as a function of time

is also plotted for the same scenario in Figure 6.7 with the locations of the LC.

At points with zero speed values, the target CAV arrives to the red light. It can

be observed that the LC predicted scenario (orange line) avoids speed increase

and even starts to reduce the speed earlier than the baseline at the points where

LC happens. Speed control plans after the red light is the same as the baseline

with 2 seconds delay.
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6.7 Traffic prediction accuracy evaluation

The presented energy benefits are attributed to the entire framework, which

includes the LC prediction model working in conjunction with the modified

traffic flow model. However, it is beneficial to assess the accuracy of the modified

traffic model separately from the speed control. To evaluate this, it is assumed

that the time and location of lane changes are predetermined for various traffic

volumes. Therefore, the LC density for Equations (4.24) and (4.25) is given for

cells.

The true values are retrieved from SUMO and both modified PW model

and the standard PW model are compared to this reference. The comparison

between the predicted values and the real values is conducted using the root

mean square error (RMSE) metric:

RMSEspeed =

√√√√ 1

Nc

Nc∑
i=1

(Vj(i)− ˆVj(i))2 (6.1)

RMSEdensity =

√√√√ 1

Nc

Nc∑
i=1

(ρj(i)− ˆρj(i))2 (6.2)

whereNc is the number of cells in the range of the target CAV, Vj(i) is the actual

speed of the cell j coming from SUMO simulation and ˆVj(i) is the predicted

speed of the cell j from the traffic flow prediction. Similar to speed, ρj(i) is the

actual density, and ˆρj(i)) is the predicted density.

The modified traffic flow model performance is evaluated over ten random

scenarios including various flow volumes. Two performance evaluation ap-

proaches were utilized: average RMSE for all cells within the connectivity range

and a specific focus on cells involved in lane changes. The results presented in

Table 6.3 indicate that the modified model outperforms the standard model,

particularly in density estimation.
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Parameter All cell baseline All cell w/ LC
prediction ( %
improvement)

LC cell baseline LC cell w/ LC
prediction ( %
improvement)

Density (veh/cell) 0.49 0.46 (6.4%) 0.76 0.59 (21.87%)
Speed (m/s) 3.77 3.74 (0.8%) 2.96 2.89 (2.21%)

Table 6.3: Prediction performance evaluation for the modified PW model in a
2 lane network, over 200 seconds of simulated time at 85% MPR
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Chapter 7

Conclusions

In this work, we propose a modified traffic flow model that enhances the en-

ergy efficiency of CAVs by incorporating lane-change prediction. A traffic flow

model based on second-order PW model is derived by including the flow of lane

changes between adjacent lanes. An analytical model is employed to update the

traffic flow predictions in cases involving lane changes. This model estimates

the vehicle’s location and predicts lane changes that occur solely due to speed

gains. The process begins with the utilization of traffic cell states, followed by

the computation of the quantitative gain resulting from lane changes. If this

gain surpasses a specified threshold, the model predicts a lane change within the

prediction horizon and updates the modified traffic flow model to account for

the impact of this lane change. Model parameters are evaluated and presented

to calibrate the prediction performance. Finally, the updated traffic states serve

as constraints in the optimal control framework, where the primary objective is

to reduce energy consumption for a target CAV (studying the energy efficiency

of the entire platoon or following vehicles is not within the scope of this study).

The entire framework is implemented within the SUMO simulation environment
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to optimally control the target CAVs and report their energy consumption. The

energy improvement over LC model threshold values, various CAV penetration

rates, and different traffic flows are presented. Furthermore, the corresponding

travel times and prediction accuracy are evaluated. The simulations indicate

energy benefits for the target CAV of up to an average of 13% (Figure 6.4) at

relatively high MPRs and even demonstrate energy savings at lower MPRs.

Limitations and recommendations

In the presented study, certain assumptions were declared, including CAV fea-

tures, driver behavior, lane-change model, and vehicle optimal control. These

assumptions are made to investigate typical situations and to design models

based on them. However, exceptional cases, such as having an aggressive driver

who does not adhere to regular driving behavior, may not be accurately repre-

sented by the presented framework.

Illustrated scenarios focus on a single signalized intersection where only re-

porting the energy consumption for a target CAV. Examining more complex

scenarios and conducting a broader study of the problem would be helpful in

representing more realistic projects. Evaluating the methodology under multi-

ple signalized corridors, considering the impact of control strategy on the entire

traffic flow efficiency and particularly for the follower vehicles is a worthwhile

example.

This study only tries to present the optimal vehicle dynamics, not the vehi-

cle powertrain parameters in real-time. Considering various vehicle powertrain

models such as electric or hybrid vehicles in the optimal framework is also ben-

eficial in order to provide a comprehensive study for vehicles.

Furthermore, only lane changes due to speed gain are predicted in the current

study. Predicting additional motivations for lane changing is also recommended
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for future studies, such as considering this framework for a network with pos-

sible re-routing. Re-routing in an intersection can be obtained by turn ratios.

However, the proposed traffic flow model is capable of predicting traffic states

for any lane-changing type. Therefore, predicted lane changes can update the

traffic flow model.

Last but not least, the LC prediction platform is developed to work in cell-

based traffic models. There are still opportunities for improving LC prediction

accuracy within this platform.
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