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Integrating vehicle trajectory planning and arterial traffic management to 
facilitate eco-approach and departure deployment

Hao Liua,b, Alex A. Kurzhanskiya,b, Wanshi Hongb, and Xiao-Yun Lua,b 

aPartners for Advanced Transportation Technology (PATH), University of CA, Berkeley, Berkeley, CA, USA; bLawrence Berkeley National 
Laboratory, Berkeley, CA, USA 

ABSTRACT 
Eco-approach and departure (EAD) enable continuous vehicle motion in urban signalized cor
ridors. Since such a motion can extend to the EAD vehicles’ followers, it makes EAD a promis
ing technology to benefit the traffic flow where automated vehicles and conventional vehicles 
coexist. Most existing EAD studies envision an ideal setting that neglects real-world oper
ational conditions such as lane changes, multi-movement intersection configuration, partially 
automated fleet, and/or limited traffic state awareness. This study aims to fill the gap by 
designing an EAD algorithm considering real-world traffic operation constraints. The proposed 
algorithm uses a model predictive controller to minimize vehicle speed reduction and vari
ation based on the real-time traffic signal control plan and measured queues at the intersec
tion. The required inputs are readily available at many modern intersections. We observed 
that the proposed controller’s performance might degrade because of lane-changing maneu
vers and lead-left turn traffic signals. These observations motivated our development of a lane 
change management strategy and a signal control implementation strategy to facilitate the 
EAD implementation. The lane change management strategies separate the EAD operations 
and lane-changing maneuvers in time and space. The signal control implementation strategy 
applies lag-left turn signals to enable EAD operation for both the through and left-turn 
vehicles. Compared to the non-EAD case, our EAD approach produces 2.5% to 7.8% energy 
savings while keeping similar intersection mobility. Notably, this approach brings about 2.5% 
to 3.6% energy savings in a 2% CAV case. This result demonstrates the feasibility of deploying 
EAD at low connected automated vehicle penetration rates.
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1. Introduction

1.1. Overview of the proposed approach

An eco-approach and departure (EAD) strategy aims 
to reduce vehicle energy loss and idling time by ena
bling continuous vehicle motion in urban signalized 
corridors (Altan et al., 2017; Mintsis et al., 2023). It 
computes optimal trajectories based on real-time traf
fic states and traffic signal control plans. A connected 
automated vehicle (CAV) can obtain mobility and 
energy benefits when closely tracking the optimal tra
jectories. Most reported EAD policies rely on a cen
tralized manager to collect traffic flow data, generate 
reference trajectories, and distribute the trajectories to 
target vehicles. In addition to benefit CAVs, these pol
icies use them as actuators to implement the optimal 
trajectory for their human-driven followers. This can 
lead to the overall improvement of intersections 

operation, making EAD a promising active traffic 
management technology to improve the traffic flow 
containing both automated and manually-driven 
vehicles (MDV).

The reported automated vehicle EAD studies usu
ally envision an ideal setting where all vehicles per
form car-following movements on one-way 
intersections, and their real-time states are always 
available. Many studies require a fully connected auto
mated environment to implement EAD. Those studies 
neglect real-world operational conditions such as lane 
change, multi-movement intersection configuration, 
partially automated fleet, and/or limited traffic state 
awareness. These conditions represent constraints that 
must be considered in EAD’s real-world deployment. 
This study aims to develop an EAD algorithm that 
handles these real-world deployment constraints. The 
proposed algorithm uses a model predictive controller 
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(MPC) to minimize vehicle speed reduction and vari
ation based on the real-time traffic signal states and 
queue status measured at the intersection. The 
required inputs are readily available at modern inter
sections, and our approach does not require a total 
CAV environment and ubiquitous traffic monitoring. 
The proposed controller adopts a generic vehicle state 
space model that avoids counting vehicle powertrain 
differences. It makes the controller helpful to both 
gasoline and electric vehicles, which coexist on the 
existing road network. Additionally, we implement the 
controller in a feedback loop to handle traffic state 
updates due to lane changes and queue propagations. 
The safety of the EAD algorithm is guaranteed by 
running an adaptive cruise controller in parallel on 
the vehicle. The adaptive cruise controller can handle 
cuttings and preceding vehicles’ hard brakes that occa
sionally happen during an EAD operation.

The field deployment of EAD also requires assist
ance from traffic management strategies because an 
EAD controller does not affect MDVs’ lane-changing 
behaviors or resolve the competition between the 
through and left-turn vehicles. This motivated our 
development of a lane change management strategy 
and a signal control implementation strategy to facili
tate the EAD implementation. The lane change man
agement strategies provide advisories to human 
drivers so that they may adjust the lane-changing 
behavior near EAD vehicles. These strategies can help 
separate the EAD operation and lane-changing 
maneuvers spatiotemporally, thus reducing disturban
ces to the EAD operation. The signal control imple
mentation strategy applies lag left-turn signals to 
resolve the conflict between the through and left-turn 
vehicles. It can achieve balanced benefits on different 
intersection movements, making the proposed con
troller feasible at multi-movement intersections. To 
the best of the authors’ knowledge, no existing studies 
have recognized the dissuasive effects of those real- 
world challenges on EAD implementation or devel
oped countermeasures to address them. This study 
has filled this critical research gap.

2. Literature review

EAD, like many new transportation technologies, faces 
the challenge of early-stage deployment in a legacy 
transportation system. Such a system has limited sens
ing and communication capabilities and serves a small 
number of CAVs. However, many EAD controllers 
require a fully controllable vehicle fleet. Most of the 
centralized EAD studies reported in the last decade 

assumed a pure CAV environment, which can provide 
complete knowledge of the real-time signal and 
vehicle states (Feng et al., 2019, 2018; Wang et al., 
2020, 2018; Xu et al., 2019; Yang et al., 2021; Yu 
et al., 2018; Zhang et al., 2021). Such an idea problem 
setting allows researchers to formulate EAD as an 
optimal control program (OCP) with known initial 
and terminal states and car-following constraints 
(Feng et al., 2019). This greatly simplifies the problem, 
sometimes allowing an analytical solution to the OCP 
(Soleimaniamiri et al., 2020). Moreover, if all vehicles 
are assumed to perfectly follow the planned trajectory 
(e.g., in Wang et al. (2018) and (Xu et al., 2019)), the 
future traffic state will evolve as planned. It further 
removes control updates during the EAD operation, 
thus substantially reducing the computation demand. 
These OCPs are infeasible for field implementation 
because the existing transportation system cannot pro
vide the required environment.

Some studies considered MDVs in the EAD algo
rithm design (Guo et al., 2019; Laharotte et al., 2023; 
Li et al., 2018; Ma et al., 2021; Xiao et al., 2021; Yao 
et al., 2020; Yao & Li, 2020; Yu & Long, 2022). They 
first run traffic flow models to estimate MDVs’ future 
trajectories based on their current states. The esti
mated trajectories become car-following constraints 
for the target CAVs. The MDV states, however, are 
infeasible to update in real time without a seamless 
traffic monitoring capability. To address this chal
lenge, (Ma et al., 2021) adopted a fully connected 
fleet, where MDVs can share real-time information 
with the traffic manager. This is also a strong assump
tion that may not become a reality in the foreseeable 
future. Other studies argue that a trajectory planning 
algorithm only requires the MDV states as they first 
enter the study road link. Researchers can use car- 
following models to predict their future behaviors accur
ately, thus removing the need for universal connectivity 
(Yu & Long, 2022). Note the car-following models only 
describe longitudinal behaviors. This argument holds 
only when the lateral movements are absent in the 
environment. For this reason, these studies prohibited 
vehicle lane changes in the analysis so that the vehicles 
can maintain the car-following relationship with their 
predecessors.

In the real world, lane changes are allowed on 
most roads. But the lane change maneuvers can 
obstruct the field deployment of EAD. A typical EAD 
operation involves proactive deceleration before the 
subject vehicle arrives at the intersection to avoid 
stopping during the red signal. The slow-moving EAD 
vehicle may induce following MDVs’ lane changes 
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toward the fast-moving lane. These lane changes break 
vehicle strings formed behind the EAD vehicle, thus 
reducing the systematic benefits of EAD. Since those 
lane-changing MDVs cannot plan the trajectory based 
on the signal timing, most of them end up joining the 
queue at the intersection. This complicates the queue 
dynamics, increasing the difficulty for the EAD vehicle 
to maintain a continuous motion. A few studies incor
porated automated lane changes in the EAD design to 
address the lane change challenge. A common practice 
is assigning a lane-changing zone where the controller 
can execute lane changes prior to the EAD maneuver 
(Ma et al., 2021; Wang et al., 2018; Yang et al., 2021; Yu 
et al., 2018). This technique removes the negative 
impacts of lane changes by separating EAD and lane 
changes in time and space. However, integrating lane 
change control and EAD can significantly increase the 
problem complexity and reduce the feasibility of real- 
time implementation. Moreover, the controller is only 
applicable to CAVs. The MDVs’ lane change impact 
remains.

We also noticed that most centralized EAD studies 
required dedicated lane(s) for each intersection move
ment. This is certainly the case for one-way intersections 
studies (Altan et al., 2017; Feng et al., 2019, 2018; Guo 
et al., 2021; Soleimaniamiri et al., 2020; Sun et al., 2020; 
Wang et al., 2020; Xiao et al., 2021; Yao & Li, 2020; Yu 
& Long, 2022; Zhang et al., 2021; Zhou et al., 2020). 
The multi-movement studies often enforced physical 
segregation for different intersection movements (Guo 
et al., 2019; Li et al., 2018; Xu et al., 2019; Yao et al., 
2020). The real-world road network usually does not 
contain such segregation. The most common practice is 
that left-turn vehicles share the road with through 
vehicles until they arrive at the entrance of the left-turn 
lane. When the through vehicles start the EAD maneu
ver upstream from the start of the left-turn lane, the 
left-turn vehicles are trapped in the (slowed) through 
flow. Moreover, many signal controllers provide the left 
green before the through green (e.g., lead left-turn sig
nal). When EAD leads the through flow to the intersec
tion just as the through signal turns green, it also makes 
those trapped left-turn vehicles miss their green window. 
In this case, the EAD penalizes the left-turn traffic to 
benefit the through traffic, which is hardly acceptable to 
road users.

The proposed approach was inspired by the distrib
uted EAD studies reported by Bae et al. (2022) and 
Sun et al. (2020). Since those studies focus on the tra
jectory planning for individual autonomous vehicles 
that lack knowledge of MDV behaviors and intersec
tion traffic dynamics, they must handle the operation 

constraints we identified earlier. Their problem set
tings are similar to this study’s considerations. The 
proposed approach shares a similar two-level control 
framework proposed by Bae et al. (2022). The high- 
level controller provides reference trajectories for tar
get CAVs based on constraints imposed by the traffic 
signal and intersection queues, whereas the low-level 
controller handles car-following safety. The main dif
ference between this study and (Bae et al., 2022) is 
that the proposed approach aims to implement the 
high-level controller on the infrastructure side for 
overall intersection performance improvement. It 
requires the development of a different problem for
mulation and execution scheme. Another difference 
lies in consideration of queues. In (Bae et al., 2022), 
the impacts of queues are counted as a random vari
able. The subject vehicle attempts to move nonstop in 
most queuing conditions. Such a treatment tends to 
create a conservative vehicle behavior because the sub
ject vehicle must assume a queue longer than most 
historical queues. This will reduce the intersection 
mobility and confuse the users as the subject vehicle 
would have a delayed intersection crossing long after 
the actual queue is cleared. This study, on the other 
hand, takes advantage of real-time queue observations 
from intersection sensors. The proposed approach 
estimates the queue tail based on the observed queue 
state and a queue dynamics model. It will increase the 
chance that the subject vehicle passes the intersection 
just as the last queuing vehicle leaves. This behavior 
improves traffic mobility and is also easier to accept 
by the users.

The remainder of the paper is organized as follows. 
The next section gives a detailed formulation of the 
proposed EAD algorithm. Section 3 presents the traf
fic management strategies that increase the effective
ness of EAD. The next section describes numerical 
experiments that evaluate the performance of the pro
posed methodology. The last section provides our 
concluding remarks.

3. Eco-Arrival and departure control

3.1. Methodology framework

As Figure 1 shows, we implement the proposed EAD 
in a centralized intersection controller. The intersec
tion controller manages the traffic signal control and 
trajectory planning (TP) in parallel based on the inter
section signal phase and timing (SPaT) plan, current 
signal state, measured queue lengths in each lane, and 
CAV states. The intersection controller can directly 
obtain the signal state and measure the queue length 
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using the roadside equipment. It collects CAV states via 
vehicle-to-infrastructure communications. The two proc
esses may use different update intervals. Usually, the tra
jectory planning algorithm needs to update more 
frequently than the signal controller. While the signal 
control design is independent from the trajectory plan
ning, we ask the intersection controller to provide a 
fixed phase duration and sequence for the current and 
the next control cycle. It allows the trajectory planning 
controller to determine nonstop trajectories based on 
two consecutive green windows of each intersection 
movement. We do not consider more than two cycles 
because the green duration in two cycles is usually 
enough to serve all vehicles on an intersection link.

3.2. EAD string leader identification

In the TP routine, the intersection controller first 
identifies the leader CAV of a vehicle string in each 

lane. A vehicle string is defined as a vehicle group 
that passes the intersection in the same green window. 
Our EAD approach relies on individual CAVs as 
actuators to realize optimal vehicle trajectories for the 
traffic flow. For this reason, we did not incorporate 
the states of all vehicles in the problem formulation. 
Instead, the proposed algorithm only generates opti
mal trajectories to the leading CAV, letting the cars 
behind it just follow the leader. This mechanism 
greatly reduces the computation and communication 
needs for the proposed algorithm. For this reason, it 
can reside in the existing connected intersections 
equipped with standard roadside communication units 
and roadside processors. Researchers can readily use it 
in future field tests. We acknowledge that an ideal 
centralized controller would consider the cost for 
every vehicle within the intersection region. This is 
the practice of most existing EAD algorithms. 
However, this is infeasible when intersections cannot 

Figure 1. EAD control framework.
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detect MDV states. The all-inclusive consideration 
also raises computation challenges for real-time oper
ation. Interested readers may refer to Yao and Li 
(2020) for a discussion of all-inclusive optimization.

To identify the string leader CAV, the proposed 
method defines a passing zone d :

d ¼ V � sg (1) 

where V is the free flow speed; and sg is the remain
ing green time for the considered movement. The 
passing zone represents a free-driving vehicle’s travel 
distance within the remaining green time. Vehicles 
inside the passing zone are expected to cross the 
intersection before the signal turns red. They are not 
candidates for string leaders. The algorithm selects the 
first CAV upstream of the passing zone as the string 
leader to guide the following vehicles to the intersec
tion when the next green window starts. If there is a 
residual queue at the intersection when the next green 
starts, the identified string leader will continue track
ing the reference trajectory until it crosses the stop 
bar. In the meantime, the proposed algorithm repeats 
the string leader search for the next green window. As 
a result, it forms a new EAD string that is scheduled 
to pass the intersection in the following green win
dow. We also impose lower and upper distance 
thresholds in the string leader identification. If a 
CAV’s distance to the intersection does not fall within 
these thresholds, it cannot be a string leader. The 
lower distance threshold disqualifies CAVs that can
not execute EAD on a short road segment, whereas 
the upper bound excludes CAVs that are outside the 
communication range. If there are no CAVs in the 
road link, the algorithm will wait until the next CAV 
arrives.

For each string leader, the proposed algorithm 
incorporates queue dynamics prediction and optimal 
trajectory computation in an OCP. We use an MPC 
framework to solve the OCP in a finite prediction 
horizon (e.g., 100 s) and repeat the solution process at 
a small update interval (e.g., 1 s). The length of the 
prediction horizon should be comparable to the cycle 
length of a typical signal controller so that the OCP 
can account for the start times of two consecutive 
green windows. At an update interval, the controller 
computes a reference acceleration for the string leader, 
expecting the vehicle to accelerate during the update 
interval. This MPC update process happens recur
sively until the subject vehicle leaves the intersection 
link. We use the active-set solver offered by Matlab 
Model Predictive Control Toolbox to search for the 
solution (Schmid & Biegler, 1994). Additionally, the 

string leader runs an adaptive cruise controller (ACC) 
when tracking the reference trajectory. The ACC 
ensures car-following safety by overwriting the EAD 
acceleration if risky conditions occur during an EAD 
process.

The detailed formulation of the proposed OCP is 
given in the following subsections.

3.3. Vehicle kinematics

We use the following generic kinematic model to rep
resent the vehicle longitudinal movement. Studies 
reported by (Bae et al., 2022; Yu & Long, 2022; Zhang 
et al., 2021) relied on specific models to represent gas
oline vehicles, plug-in hybrid vehicles, or electric 
vehicles, respectively. The traffic flow consists of mul
tiple vehicle classes. A particular vehicle model can 
bring about tailored improvement for one vehicle type 
but may not generate positive outcomes for others. 
The proposed EAD algorithm aims to benefit the 
overall traffic flow. Therefore, the kinematic model in 
Equation (2) is applied:

x kþ 1ð Þ ¼
sðkþ 1Þ
vðkþ 1Þ

" #

¼
1 Dt
0 1

" #
sðkÞ
vðkÞ

" #

þ
0
Dt

" #

uðkÞ

(2) 

where k is the time index; Dt is the time step size; s is 
the vehicle position; v is the speed; u is the desired 
acceleration; and t represents time. u is the control 
variable in the proposed OCP.

3.4. Control objective

The proposed OCP uses the objective function in 
Equation (3) to penalize a string leader’s control 
efforts and speed reduction. The first term on the 
right-hand side of Equation (3) penalizes the speed 
variation as a subject vehicle approaches the intersec
tion. The reduction of speed variation can generate 
energy savings. The second term allows the subject 
vehicle to travel as close to the free flow speed as pos
sible, thus benefiting mobility. Theoretically, the sys
tem reaches the terminal state at infinity. When the 
OCP is approximated with an MPC approach, we let 
the terminal time equal the prediction time horizon.

Min J ¼
Xkf

k¼k0

xu � u2 kð Þ þ xv � v kð Þ − Vð Þ
2� �
� Dt (3) 

where V is defined previously; k0 is the initial time; kf 
is the terminal time; and xu and xv are weights.
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3.5. Constraints

3.5.1. Initial state
At an update interval, the intersection controller col
lects state of each CAV. This provides the initial con
dition for a subject CAV:

s k0ð Þ ¼ s0

v k0ð Þ ¼ v0

(

(4) 

where s0 is the initial position; and v0 is the initial 
speed.

3.5.2. Speed and acceleration bounds
A subject CAV may not drive backward. It also needs 
to observe the speed limit:

0 < vðkÞ � V (5) 

Note that we require a positive speed for the sub
ject vehicle. This creates continuous vehicle motion. If 
there is no feasible solution because of this constraint, 
the subject vehicle will abort EAD and perform nor
mal car-following.

The vehicle has limited acceleration capabilities:

amin � uðkÞ � amax (6) 

where amin and amax are the acceleration bounds.

3.5.3. Position constraint
The red signal and the resulting vehicle queues inflict 
position constraints on the subject CAV. As Figure 2
shows, the subject vehicle’s trajectory should lie under 
the trajectory of the last queuing vehicle. There are 
two unique points in the last vehicle’s trajectory. 
Point A is the maximum queue tail: The length of the 
queue will reduce, and all queued vehicles will start to 
move after tA: If the subject vehicle arrives at sA after 

tA, the vehicle can avoid stopping in the queue. Point 
B marks the condition where the last queuing vehicle 
passes the stop bar. The subject vehicle should pass 
the stop bar closely after tB to ensure the efficiency of 
queue discharge.

With the above discussion, the position constraint 
is formulated in Equations (7) and (8):

0 � sðkÞ � gðkÞ (7) 

s kð Þ ¼ s0 þ
Xkf

k¼k0

v kð Þ � Dt (8) 

The upper bound g kð Þ defined in (9) is a piecewise 
continuous function representing the combined effects 
of the signal control and queue:

g kð Þ ¼
sA t0 � k � tA þ tacc

sB tA þ tacc � k � tB þ thw

1 k � tB þ thw

8
><

>:
(9) 

In Equation (9), tA, tB, sA, and sB are defined in 
Figure 2. tacc represents the time when the last queued 
vehicle accelerates to the speed limit. We assume that 
the last vehicle keeps an estimated acceleration aest 
during the process. tacc adds a buffer time so that 
when the subject vehicle arrives at sA, all queued 
vehicles are driving close to the free flow speed. It 
reduces the likelihood of the subject vehicle braking 
to ensure car-following safety when joining the queue. 
Equation (9) also adds thw to tB to allow a proper 
headway between the queue tail and the subject 
vehicle. If there is no queue, tA ¼ tB ¼ tg , sA ¼ sB ¼

sS, and tacc ¼ thw ¼ 0, where tg is the green start, and 
sS is the position of the stop bar.

Points A and B are unknown. We use empirical 
models to estimate those points (i.e., tA, tB, sA, and 
sB) based on the signal plan and the queue state meas
ured at t0: The queue state (i.e., queue length and 
number vehicles in the queue) is the output from the 
intersection sensors. We did not limit the type of 
intersection sensors in our study. The proposed 
approach is compatible with any intersection detection 
technologies capable of providing the vehicle number 
and queue length. This distinguishes the proposed 
approach from most existing EAD methods that 
require measurements of all vehicles in the control 
region. Additionally, our approach does not require 
detailed queue dynamics models to construct the tra
jectory of the queue tail, thus reducing the complexity 
of the OCP formulation. Among the four variables 
that define A and B, sB is always the same as sS:

During an update interval Dt, we assume that sA is a 
constant equal to the queue length measured at t0:Figure 2. Position constraint for a subject CAV.
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This simplifies the real-world condition since the 
queue length may change due to lane changes or new 
vehicle arrivals. Nonetheless, since our algorithm 
updates in a short interval (e.g., 1s), the new measure
ments in the next update interval can promptly cap
ture the queue length change. At oversaturated 
intersections, the queue could grow beyond the inter
section detection range. Such a condition will invali
date the queue tail estimation method. As a result, the 
proposed EAD algorithm does not work at excessively 
busy intersections.

We use Equations (10) and (11) to estimate tA and 
tB: The two models may be fitted based on the queue 
discharge data collected at the intersection. These 
models formulate tA and tB: as functions of the queue 
length and the number of queued vehicles at t0: Our 
analysis of the simulation data shows that these simple 
regression models can achieve desirable performances 
(e.g., R2 > 0.9). In real-world applications, one may 
apply the data-driven approach to update the model 
parameters online for further performance improve
ment.

tA ¼ bA1 þ bA2 � N þ bA3 � Lþ bA4 � N2 þ bA5 � N � L
(10) 

tB ¼ bB1 þ bB2 � N þ bB3 � Lþ bB4 � N2 þ bB5 � N � L
(11) 

where bs are model coefficients; N is the number of 
vehicles in queue; and L is the queue length.

4. Traffic management strategies

We hope EAD can create instant benefits for the 
existing road network. But there is a fundamental bar
rier. The traffic rules were developed to regulate 
human driver behaviors, and human drivers form a 
driving pattern given the constraints of the traffic reg
ulations. Our road system has reached an ecological 
balance that sustains the interrelationships between 
the two forces. When EAD creates a new driving 
behavior, such a balance is disrupted, possibly leading 
to undesired system performance. In fact, our analyses 
in the next section reveal negative EAD impacts 
because the lane change behaviors and signal control 
practices commonly seen in everyday traffic are at 
odds with the EAD operation. We, therefore, designed 
two traffic management strategies to tackle the con
flicts, allowing the realization of the expected EAD 
benefits. The first strategy handles traffic flow down
grades caused by interactions between the EAD driv
ing and lane changes. The second strategy alleviates 

left-turn traffic’s performance reduction due to the 
EAD operation for the through traffic.

4.1. Lane change (LC) strategy

The LC strategy provides two sets of advisory mes
sages to human drivers. Transportation agencies may 
use message signs to display those advisory messages. 
The first message encourages drivers to stay within an 
EAD string instead of bypassing it via multiple lane 
changes. Drivers can easily experience the differences 
between the two decisions: Staying in the vehicle 
string leads to a nonstopping intersection cross, 
whereas making lane changes results in vehicle idling 
in the queue. MDVs should happily follow the advice 
once the drivers gain enough exposure to EAD. This 
strategy only provides recommendations that do not 
forbid lane changes. Especially when the queue lengths 
are substantially different on different lanes, drivers 
should make lane changes to help balance the queue 
length.

In traffic modeling, the effects of the first advisory 
message are captured by changing human drivers’ dis
cretionary lane-changing thresholds. When the thresh
old is low, drivers become sensitive to the speed gain 
in the adjacent lanes. As a result, they tend to make 
lane changes to bypass the (slow-moving) EAD string 
instead of staying in the string. On the other hand, a 
high lane-changing threshold increases the probability 
for drivers to stay in the EAD string. Additionally, we 
use a random variable to depict the distribution of the 
lane-changing threshold in the MDV fleet. The mean 
level of the random variable will increase when the 
advisory message is displayed. This modeling method 
can depict the stochastic lane-changing behaviors with 
or without the advisory message. The readers may 
find the details of the traffic modeling in our previous 
work (Liu et al., 2018).

The second message aims to separate drivers’ man
datory lane changes and the EAD operation. 
Mandatory lane changes happen when a driver needs 
to move toward the turning lane. As a CAV starts 
EAD, the following vehicles will form dense vehicle 
strings. The strings make it difficult for lane change 
vehicles to identify available gaps in the target lane. 
Those lane changers must often make last-minute lane 
changes as the vehicles are discharged from the inter
section. These lane changes will affect the intersection 
discharging rate, leading to a reduction in the inter
section throughput. To address this challenge, the 
transportation agency may make the EAD control 
zone shorter than the available intersection link. In 
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this case, the EAD operation does not interfere with 
the traffic stream in the upstream portion of the inter
section link. Additionally, we may display a ‘Lane- 
Change Recommended’ message at this segment of 
the intersection link. Consequently, drivers are 
encouraged to complete the mandatory lane changes 
upstream from the EAD zone. This reduces the inter
action between the EAD operation and the mandatory 
lane changes.

We model the effects of the second advisory mes
sage by using drivers’ anticipatory lane-changing 
behavior (Liu et al., 2018). The anticipatory lane- 
change describes drivers’ proactive gap searching and 
lane-changing behavior before they reach the turning 
lane. When the advisory message is displayed, drivers 
will start the anticipatory lane-changing behavior at 
the above lane-changing zone. Since the drivers’ 
anticipatory lane-changing decision is stochastic, we 
depict the decision-making by using a random vari
able. As a result, some drivers will make lane changes 
proactively in the lane-changing zone, while others 
will change the lane normally.

4.2. Left-turn (LT) strategy

When there is a need for a protected left-turn signal, 
most signal controllers implement the lead left-turn 
signals. This left-turn signal releases the turning traffic 
before the through traffic, thus reducing conditions 
where the left-turn queue propagates from the left- 
turn lane to the through lane and blocks the through 
flow. However, as we analyzed in Section 1, such a 
signal control can trap left-turn vehicles in the 
through EAD strings. Therefore, the LT strategy 
implements a lag left-turn signal to allow the left-turn 
vehicles to catch up with the green window after the 
through vehicles are released. The lag left-turn signal 
is widely applied in coordinated signal controllers 
because it allows intersections to accommodate flow 
progression (Urbanik et al., 2015). We share a similar 
need as EAD promotes flow progression by using 
CAVs as actuators. The control technique for coordi
nated signals is useful for our application.

5. Evaluation of the proposed approach

5.1. Study setup

The studied road network is shown in Figure 3. The 
network contains two intersections with independent 
fixed-time signal controllers. Figure 3 also displays the 
signal phase and timing information. Note that the 
two intersections are not coordinated. Consequently, 

most vehicles from the upstream intersection must 
stop at the downstream intersection due to the lack of 
green window offset. The eastbound and westbound 
links serve 1000 vehicles per hour, and the south
bound and northbound links serve 250 vehicles per 
hour. The input flow results in a busy near-saturated 
intersection operation, and therefore cycle failures 
occasionally happen at these intersections. We assume 
the same turn ratios at the two intersections: 75% 
through, 10% right-turn, and 15% left-turn traffic for 
the eastbound and westbound, and 15% through, 35% 
right-turn, and 50% left-turn traffic for the north
bound and southbound.

The study network and the proposed EAD 
approach were coded in a simulation environment 
reported in our previous studies (Liu et al., 2019, 
2018). The simulated traffic stream contains both the 
MDVs and CAVs. The CAVs are assumed to imple
ment the EAD trajectory when selected as the EAD 
string leaders. Otherwise, they perform ACC car-fol
lowing or cooperative ACC car-following depending 
on whether the preceding vehicle is an MDV or CAV. 
The MDVs implement the PATH car-following and 
lane change models reported in Yeo et al. (2008). The 
proposed traffic management strategies were also pro
grammed into the simulation environment. We con
sidered five analysis cases: 1) a baseline case without 
EAD; 2) an EAD case without traffic management 
strategies; 3) an EAD case with the LC strategy; 4) an 
EAD case with the LT strategy; 5) and an EAD case 
with both the LC and LT strategies. The varying CAV 
market penetrations (MPR) were also counted. We 
evaluated both traffic mobility performance and 
vehicle energy consumption. The energy consumption 
was computed by Autonomie (Argonne National 
Laboratory, 2021). To help readers reproduce the ana
lysis, we list the model parameters in Table 1.

5.2. Effects of EAD without traffic management 
strategies

First, we investigate the performance of EAD in the 
existing traffic ecosystem. In this scenario, drivers are 
inclined to make lane changes if the traffic flows faster 
in the adjacent lane. The signal controller uses the 
default lead left-turn signals (see Figure 3). We 
assume a 40% CAV MPR, which makes EAD effective 
in most signal cycles. The travel time and the vehicle 
fuel consumption rate are given in Table 2. The 
mobility and energy consumption performance drops 
with EAD. This confirms our previous discussion that 
implementing EAD in the existing traffic system does 
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not necessarily provide improvement. Our analysis 
challenges most EAD studies that claim significant 
EAD benefits whenever it is implemented in the traf
fic stream. In the following subsection, we show that 
the proposed traffic management strategies can signifi
cantly change this circumstance.

5.3. Effects of EAD in the presence of traffic 
management strategies

Since the LT strategy uses lag left-turn signals, we also 
adopt lag left-turn signals in the comparison scenarios 
to make a fair result analysis. The travel time and fuel 
consumption for different scenarios are shown in 
Table 3, and the change percentage is listed in Table 
4. In addition to the overall performance, we provide 
matrices for the major through, major left-turn, and 

minor roads. The detailed information describes the 
intersection operation comprehensively. The tables 
reveal a general trend: the LC strategy helps boost the 
EAD effectiveness, while the LT strategy creates a bal
anced performance among individual intersection 
movements.

With the two traffic management strategies, the 
energy benefits of EAD become prominent. The fuel 
consumption reduces by 4.7% overall. As expected, 
the major through movement receives the highest 
energy savings because it serves the largest traffic vol
ume. A leading CAV can easily extend the energy 
benefits to the following vehicle strings. The through 
link also provides a sufficiently long link to allow the 
EAD strings to execute the reference trajectory. There 
is little energy saving for the minor road traffic. The 
minor traffic demand is small, which results in a 
sparse arrival pattern in the through link. Such an 
arrival pattern does not favor the EAD string 

Figure 3. Study road network.

Table 1. Model parameters used in the simulation study.
Parameter Value

V 12 m/s
amin −3 m/s2

amax 2 m/s2

aest 2 m/s2

thw 1.5 s
bA1 - bA5 −2.14, 1.32, 5.68� 10-4, 9.91� 10-3, 2.05� 10-3

bB1 - bB5 1.25, 1.38, 0.12, 9.10� 10-3, 1.51� 10-3

Table 2. Travel time (TT) and fuel consumption rate (F) with 
and without EAD.

TT (s/km) F (g/km)

Baseline 145.8 47.4
EAD 161.5 49.1
D þ10.8% þ3.5%
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formation. The green window for the minor road is 
also shorter than the major road. This reduces the 
solution space of the OCP, increasing the chances that 
the intersection controller aborts the EAD operation. 
Those factors explain the lack of energy savings for 
minor movements.

Without the lag left-turn signal, the travel time of 
the major left-turn vehicles increases by 46%. It con
firms that the left-turn performance significantly 
decreases due to the EAD operations for the through 
traffic. When a traffic controller creates very unbal
anced effects for different user groups, transport agen
cies are less likely to accept it for field deployment. 
The LT strategy greatly improves mobility for left- 
turn vehicles. The travel time increase drops to 0.2% 
after the LT strategy is active. The LC strategy can 
further eliminate the travel time increases. When both 
strategies are implemented, the travel time reduces by 
1.4% for the left-turn movement. One may argue that 
EAD still negatively impacts intersection mobility. 
This is expected because the EAD algorithm adds a 
buffer time in Equation (9) when estimating the queue 
dynamics. It enables a smooth maneuver as a subject 
CAV starts to follow the queue tail. But it may 
increase the headway between the subject CAV and 
the last queuing vehicle. This increases travel time for 
the subject CAV and its followers. The travel time 
increase is hardly noticeable (e.g., 1.7% on average) 
and the EAD operation improves drivers’ arterial driv
ing experience by facilitating a continuous motion. 
Our traffic management eliminates the hurdles for 
implementing EAD on real-world intersection links.

Figure 4 provides a trajectory comparison between 
the baseline case and the EAD case. Although the 

CAV MPAR is 40%, most vehicles can avoid stopping 
at intersections due to the EAD operations. We can 
also observe frequent lane changes in the baseline case 
(e.g., partial trajectory curves). Thanks to the LC strat
egy, the number of lane changes substantially reduces, 
increasing EAD’s capability to create benefits to the 
traffic stream.

5.4. Impacts of drivers’ behavior adaptation to the 
traffic management strategies

The proposed LC strategies aim to facilitate EAD 
operations by modifying human drivers’ driving pat
terns. Their effectiveness depends on how drivers 
react to the lane-change guidance. We developed a 
sensitivity analysis to quantify the impacts of driver 
behavior adaptation on the EAD performances. The 
driver’s behavior adaptation is associated with two 
random variables: the speed sensitivity and the dis
tance sensitivity. Both sensitivity parameters are 
assumed to follow a normal distribution with certain 

Table 3. EAD Effects in the presence of traffic management 
strategies.

TT TT_MA TT_ML TT_MI F F_MA F_ML F_MI

Baseline 145.8 155.9 143.6 165.7 47.4 50.4 50.0 44.0
EAD 161.5 161.9 210.0 199.7 49.1 49.6 61.7 51.2
EADþ LC 164.5 166.1 209.1 201.3 47.7 48.2 59.1 51.3
EADþ LT 154.8 168.3 165.1 160.7 48.5 51.5 55.0 44.5
EADþ LCþ LT 153.8 166.9 162.3 160.8 45.9 47.7 50.6 44.6

TT: travel time (s/km); F: fuel consumption rate (g/km); MA: major 
through; ML: major left; MI: minor road; LC: lane change strategy; LT: 
left-turn strategy

Table 4. Performance change percentage in comparison to 
the baseline case.

TT TT_MA TT_ML TT_MI F F_MA F_ML F_MI

EAD 10.8% 3.8% 46.3% 20.6% 3.5% −1.4% 23.5% 16.3%
EADþ LC 12.9% 6.6% 45.6% 21.5% 0.6% −4.4% 18.4% 16.5%
EADþ LT 2.4% 3.8% 0.2% 0.5% 0.7% 0.5% 4.0% 2.7%
EADþ LCþ LT 1.7% 2.9% −1.4% 0.5% −4.7% −6.8% −4.2% 2.8%

TT: travel time (s/km); F: fuel consumption rate (g/km); MA: major 
through; ML: major left; MI: minor road; LC: lane change strategy; LT: 
left-turn strategy

Figure 4. Vehicle trajectories in the baseline case (a) and 
EADþ LCþ LT case (b). The purple curves depict MDV trajecto
ries, and the blue curves depict CAV trajectories.
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mean and standard deviation levels. The speed sensi
tivity depicts how drivers react to the speed difference 
between the current and target lanes. If the speed dif
ference is larger than the sensitivity level, the driver 
will start making a lane change toward the target lane 
to earn a speed advantage. We formulated such a 
behavior as:

Dv ¼
Vc − Vt

V
� hv (12) 

where Dv is the speed difference; Vc is the average 
speed of the current lane; Vt is the average speed of 
the target lane; V is the free-flow speed; and hv is the 
speed sensitivity. The distance sensitivity hd represents 
a threshold distance to the intersection. When a driv
er’s distance to the intersection is smaller than the 
threshold, and his/her current lane does not allow the 
driver to continue the route, the driver will make 
anticipatory lane changes toward the desired lane. 
When the distance sensitivity is large, the driver will 
proactively make lane changes far from the intersec
tion. This is helpful for the EAD operation.

We assume that the mean level of the speed and 
distance sensitivity parameters reflects the driver’s 
behavior adaptation with proposed LC strategies. A 
high adaptation level corresponds to a high speed and 
distance sensitivity. In this case, the driver is more 
likely to stay in the EAD string without pursuing tem
porary speed gain in the adjacent lane. The driver also 
tends to make anticipatory lane changes far upstream 
from the EAD zone. Our analysis includes four behav
ior adaptation scenarios depicted in Table 5. The 
baseline scenario uses the same sensitivity levels as the 
non-EAD case. It is compared to three scenarios with 
low, medium, and high adaptation levels. The rest of 
the simulation parameters were kept the same as the 
analysis in the previous section (e.g., 40% CAV and 
EADþ LCþ LT).

The sensitivity analysis results are shown in the 
Table 6 and Table 7. The results indicate that the pro
posed EAD control obtains the best performance in 
the low adaptation scenario. This suggests that the 
human drivers only need to change their LC behaviors 
slightly to promote the EAD operation. This is a 
promising result because the EAD operation does not 
require substantial behavior changes from drivers. 
When the drivers strictly stay in the EAD string by 
avoiding discretionary lane changes (e.g., high adapta
tion scenario), the overall traffic mobility and vehicle 
energy performance are not desirable. This indicates 
that discretionary lane changes are necessary to create 
a balanced traffic stream across multiple travel lanes. 

We cannot completely remove discretionary lane 
changes when the EAD is on.

5.5. Impacts of CAV market penetration

We limited our analysis to the 40% CAV case in pre
vious subsections. To understand the effectiveness of 
the proposed EAD approach, we extended the mobil
ity and energy consumption computation under other 
CAV MPR cases, especially at low MPR cases. As 
Figure 5 shows, we investigated more scenarios at the 
low MPR range than at the high MPR range. It helps 
us identify the performance of EAD during early-stage 
deployment. In the EAD case, the LC and LT strat
egies are turned on.

Figure 5 indicates that EAD slightly reduces the 
average speed at low MPR cases. As the MPR is larger 
than 30%, the negative speed impact diminishes. The 
largest speed reduction is observed over the 10% to 
25% MPR range, and the speed reduction is lower 
than 4%. On the other hand, the fuel saving ranges 
from 2.5% to 6.2%. Observing noticeable fuel savings 
(e.g., 2.5%) in the 2% CAV case is encouraging. Since 
the EAD operation only requires one CAV leader at 
each lane to implement the optimal trajectory, it can 
produce benefits once there are a few CAVs in the 
traffic stream. The observations suggest that the pro
posed EAD approach is a promising use case for pro
moting the early-stage deployment of connected 
automated vehicle technologies.

Table 5. Sensitivity analysis scenarios.
Behavior adaptation Mean hv Std. of hv Mean hd (m) Std. of hd (m)

Baseline 0.20 0.01 150 30
Low 0.45 0.01 250 30
Medium 0.70 0.01 350 30
High 0.95 0.01 450 30

Table 6. Mobility and energy results of different scenarios.
Behavior adaptation TT TT_MA TT_ML TT_MI F F_MA F_ML F_MI

Baseline 149.1 160.1 155.3 168.3 46.6 49.6 51.3 46.0
Low 145.2 153.5 152.4 168.9 44.9 46.4 50.1 46.1
Medium 147.4 157.3 153.1 170.1 44.9 46.6 49.3 46.3
High 150.3 161.7 155.1 170.1 45.1 47.0 49.0 46.4

TT: travel time (s/km); F: fuel consumption rate (g/km); MA: major 
through; ML: major left; MI: minor road; LC: lane change strategy; LT: 
left-turn strategy

Table 7. Performance change percentage in comparison to 
the baseline case.
Behavior adaptation TT TT_MA TT_ML TT_MI F F_MA F_ML F_MI

Low −2.7% −4.1% −1.9% 0.3% −3.7% −6.4% −2.3% 0.1%
Medium −1.2% −1.7% −1.4% 1.0% −3.7% −6.1% −3.8% 0.5%
High 0.8% 1.0% −0.1% 1.1% −3.2% −5.3% −4.4% 0.8%
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5.6. Performance of electric vehicles and gasoline 
vehicles

Since the proposed EAD algorithm uses a generic 
vehicle dynamics model, it can provide trajectory 
guidance for vehicles with different powertrains. 
Hence, we separately evaluated the energy savings for 
gasoline and electric vehicles. Figure 5 (b) indicates 
that electric vehicles obtain higher energy savings than 
gasoline vehicles under the same CAV MPR. This is 
certainly good news, given the rapid trend of vehicle 
electrification. However, it is counter-intuitive because 
electric vehicles can recycle energy via regenerative 
braking. When a vehicle comes to a full stop, the elec
tric powertrain loses less energy than the gasoline 
powertrain. In this case, the energy saving potential 

should be higher for gasoline vehicles than electric 
vehicles under the EAD operation. To further examine 
this observation, one needs to explore the detailed 
vehicle-level mechanisms for the two classes of 
vehicles. It is beyond the traffic analysis presented in 
this study. We leave this matter to future research.

6. Conclusion

In this study, we have developed a centralized EAD 
algorithm that enables continuous traffic flow in an 
arterial network while considering real-world traffic 
operation constraints, including the partial CAV 
environment, limited traffic monitoring data, and 
intersection queue dynamics. We also designed traffic 
management strategies to allow EAD implementation 
under challenging conditions caused by vehicle lane 
changes and different traffic movements’ competitions. 
Compared to the non-EAD case, the EAD approach 
produces 2.5% to 7.8% energy savings while keeping 
similar intersection mobility. Notably, our approach 
brings about 2.5% to 3.6% energy savings in a 2% 
CAV case. This result demonstrates the feasibility of 
deploying EAD at low CAV MPR cases.

Implementing EAD in the existing traffic flow may 
not create benefits because, on the one hand, the pre
vailing human driving patterns can break the EAD 
operation, and on the other hand, the EAD operation 
can intensify the competition between the through 
and left-turn traffic for the green window. Such an 
observation reveals the necessity for adapting the 
existing transportation system to accommodate new 
CAV technologies. It also shows the importance of 
performing modeling and simulation studies to help 
stakeholders proactively identify feasible system adap
tation plans. Particularly in this study, we developed 
lane change and lag left-turn strategies to address the 
EAD implementation challenges. These strategies only 
require minor road signage and signal control config
uration modifications. The drivers are expected to 
comply because these strategies can increase driving 
comfort by reducing lane changes and stop-and-go 
experiences. Through the study, we prove that trans
portation agencies can better exploit the capability of 
CAV applications via cost-effective traffic manage
ment policies. Such findings provide a valuable refer
ence for stakeholders to design future CAV 
development and implementation plans.
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