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Abstract— Recent advances in connected vehicle technologies
enable vehicles and signal controllers to cooperate and improve
the traffic management at intersections. This paper explores the
opportunity for cooperative and integrated vehicle and intersection control for energy efficiency (CIVIC-E2 ) to contribute to
a more sustainable transportation system. We propose a twolevel approach that jointly optimizes the traffic signal timing
and vehicles’ approach speed, with the objective being to minimize total energy consumption for all vehicles passing through
an isolated intersection. More specifically, at the intersection
level, a dynamic programming algorithm is designed to find
the optimal signal timing by explicitly considering the arrival
time and energy profile of each vehicle. At the vehicle level,
a model predictive control strategy is adopted to ensure that
vehicles pass through the intersection in a timely fashion. Our
simulation study has shown that the proposed CIVIC-E2 system
can significantly improve intersection performance under various
traffic conditions. Compared with conventional fixed-time and
actuated signal control strategies, the proposed algorithm can
reduce energy consumption and queue length by up to 31% and
95%, respectively.
Index Terms— Connected vehicles, fuel economy, intelligent
transportation systems.

I. I NTRODUCTION

E

FFECTIVE intersection control is an enduring problem,
raising the age-old question of how the conflicting traffic
movement can be best accommodated. On average, American
drivers spend 38 hours per year waiting in traffic, which wastes
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more than 19 gallons of gasoline per vehicle per year. The
cost of congestion was reported to be 121 billion dollars in
recent years [1]. A large portion of traffic delay is caused by
poor traffic signal timing. Despite its important role in traffic
management, there is still significant room for improvement.
The latest national traffic signal assessment indicates an overall
grade of D+ on signal control and operations [2].
Regardless of the operating principles of traffic signal
control, there have been typically three inherent assumptions
that limited or constrained the level of optimization possible.
The first assumption is that control had to be exerted on
only the infrastructure side (i.e., by controlling cycle length,
splits, and offset for the signals). This is because, until very
recently, it was not possible to organize individual vehicle
movements (i.e., control each vehicle’s intersection approach
speed). Second, the vehicles’ arrival was modeled as a network flow, typically measured via aggregate metrics such as
flow rates or average number of vehicles. Traditional fixed
sensors (e.g., loop detectors, video cameras) can be used for
traffic detection, but they are not capable of tracking individual vehicle trajectories in real-time. Third, it was typically
assumed that once the traffic conflicts have been eliminated,
the only objective the designer had to be concerned with was
traffic operations efficiency, i.e., minimizing delay or queuing
length. Until very recently, traffic signal control algorithms
paid little attention to environmental and sustainability related
metrics [3]–[9].
Now, however, we are beginning to witness the relaxation of
the three constraining assumptions mentioned above. Recent
advances in connected vehicle (CV) technologies [10], [11]
provide new opportunities to improve traffic management:
vehicles and traffic infrastructure will be able to coordinate
with each other through vehicle-to-infrastructure and vehicleto-vehicle communication. The control infrastructure will be
able to gather accurate local or global information on traffic.
As a result, it will become possible to make better scheduling
decisions at a microscopic level. Regarding the third assumption, current global concerns about climate change have underscored the importance of managing traffic to reduce fuel consumption and minimize emissions. Towards this end, there has
been some research recently that focused on utilizing CV technologies to reduce emissions and fuel consumption [12], [13].
In this paper, we explore the opportunity for Cooperative
and Integrated Vehicle and Intersection Control for Energy
Efficiency (CIVIC-E2 ) to support a more sustainable trans-
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portation system. We propose a two-level approach that jointly
determines the traffic signal timing and vehicles’ approaching
speed, with the objective being to minimize total energy
consumption. More specifically, at the intersection level, a
multimodal energy-efficient traffic signal (MEETS) control
strategy is designed to determine the optimal signal timing
by explicitly considering the arrival time and the energy
profile of each vehicle. At the vehicle level, an eco-cruise
control (ECC) strategy is adopted to ensure that vehicles
pass through the intersection in a timely and energy-efficient
fashion. The novelty of this paper centers on the following
contributions: 1) joint consideration of traffic signal control
and vehicle speed advisories, 2) joint consideration of multimodal traffic, and 3) evaluation of the energy impact of the
proposed system for both current and future traffic.
The remainder of the paper is organized as follows.
In Section II, we discuss related work on sustainable intersection control strategies. Section III describes the simple
intersection we use for modeling and evaluation and presents
our proposed solution, along with an analysis of its complexity.
We report the results from simulations in Section IV. Finally,
Section V summarizes the main conclusions derived from this
study.
II. R ELATED WORK
Traditional signal control has always been based on detection information provided via fixed sensors and primarily
focused on reducing traffic delay. The advent of the concept
of a CV environment and the increased interest in sustainable
transportation and mobility introduced four new concepts of
advanced intersection control which the current paper attempts
to harness. These concepts are briefly reviewed below.

if a driver has accurate information about the upcoming signal
status, the vehicle speed can be adjusted accordingly to avoid
vehicle operation associated with increased fuel consumption
and emission rate (e.g., stop at a red light, hard acceleration
maneuvers). Various vehicle speed control strategies [24]–[29]
have been proposed to compute fuel-optimal vehicle trajectories. Both simulation and real-world experiments [30]–[34]
showed that eco-signals appear to be an effective approach
that can significantly reduce energy consumption. In all those
studies, however, signal time plans are assumed to be fixed
based on traffic flow, and the control action primarily focuses
on adjusting the approaching vehicles’ speeds without considering their influence on other vehicles. In other words, previous
concepts of eco-signals did not involve the joint control of
traffic signals and vehicles’ speeds.
C. Reservation-Based Intersections
Connected vehicles, and in particular connected and automated vehicles, can be managed using a concept known as
reservation-based intersection control, which does not use
any physical traffic signals [15], [35]. Under this concept,
concurrent intersection crossing is allowed if no conflict for
a reservation is detected. A similar concept is known as
virtual traffic lights [36]. This concept depends on vehicles
to negotiate with other vehicles about which direction should
get a virtual green light. Our algorithm proposed herein shares
the vision of increased automation and wide CV technology
adoption, but it focuses on the energy aspects of the control
objective and utilizes less futuristic assumptions. Although
traffic lights can be eliminated for fully automated traffic,
in the proposed system, we assume traffic lights will still be
used to accommodate human-driven vehicles.

A. Control at the Level of Individual Vehicles
Through vehicle-to-infrastructure communications, vehicles
can be detected and tracked at the individual level. With
such fine-resolution data made available in a connected environment, more effective traffic signal control plans may be
developed [14]–[16]. Good examples of this line of thinking,
which motivated the current study, were [17] and [18], where
a discrete signal control algorithm, which took into account
the arrival time of each individual vehicle, was designed.
However, our work is different from theirs in that we focus
on minimizing energy consumption, whereas they targeted
minimization of evacuation time. Additionally, our algorithm
takes into account vehicles’ behavior in more detail (i.e.,
queuing behavior at the intersection). Other previous studies [19]–[23] used CV to adaptively adjust traffic signal timing
with traditional flow-based control methods. In comparison,
our algorithm is designed to explicitly schedule individual
vehicles. In addition, the goal of their control algorithms was
to minimize delay or average waiting time, with the energy
impact just evaluated as an additional benefit of their control
methods.

D. Multimodal Traffic Signal Control

B. Eco-Signals

The CIVIC-E2 system proposed herein is made of two
strategies: 1) a traffic signal control strategy, and 2) a vehicle
speed control strategy. The entire control model consists of

The concept of eco-signals has received a significant level
of attention recently. The basic premise of this concept is that

Given that modern urban transportation networks involve
complex traffic streams composed of multiple travel modes,
including passenger cars, buses, pedestrians, bicycles, trucks,
light rail, emergency vehicles, and other commercial and private modes of transportation, multimodal traffic signal control
has been attracting the attention of researchers [37]–[41].
Different travel modes have their own specific characteristics,
including travel speed, volume, priority level, degree of ecofriendliness, and vulnerability. Yet very little is understood
about the links among signal control strategies for different
modes. The CV environment makes optimal multimodal traffic
control a real possibility. Most of the previous studies focused
on delay-oriented multimodal signal control. In this paper, we
will address multimodal signal control from the standpoint of
energy and fuel consumption.
III. C OOPERATIVE AND I NTEGRATED V EHICLE AND
I NTERSECTION C ONTROL FOR E NERGY
E FFICIENCY (CIVIC-E2 )

HOU et al.: CIVIC-E2

two levels: at the macroscopic/global level, the traffic signal
control strategy governs how to dispatch all vehicles within a
given communication range approaching the intersection from
conflicting directions; at the microscopic/local level, once the
signal timing is decided, the vehicle speed control strategy
determines the energy-efficient speed for each individual vehicle according to its assigned schedule.
More specifically, given the expected arrival time of each
vehicle (arrival time is estimated based on vehicle’s cruising
speed when entering the communication range) and information on the vehicle’s energy profile (the energy profile can
be estimated based on the type of vehicle), the traffic signal
control strategy aims to optimize signal timing such that each
vehicle is explicitly scheduled to cross the intersection in a
fashion that would minimize the energy consumption of all
the incoming vehicles passing through the intersection. For the
vehicle speed control strategy, assuming that the vehicle has
received its schedule from the traffic signal control strategy,
the goal is to find the speed plan (also known as trace or drive
cycle) that minimizes energy consumption for the vehicle
while simultaneously allowing the vehicle to pass through the
intersection on time and avoid collisions.
The proposed CIVIC-E2 system is an open platform, since
different control algorithms can be implemented at both
macroscopic and microscopic levels using a wide variety of
strategies. In this paper we propose two specific control strategies for CIVIC-E2 , namely the Multi-modal Energy Efficient
Traffic Signal (MEETS) strategy for signal control, and the
Eco-Cruise Control (ECC) strategy for vehicle control. These
two strategies are described below.
A. Multi-Modal Energy Efficient Traffic Signal (MEETS)
Control Strategy
1) Problem Description: In this section, we present the traffic light control strategy of an isolated intersection. At the signal controller, each vehicle is explicitly scheduled to cross the
intersection with the objective of minimizing overall energy
consumption. The MEETS strategy will suggest a time frame
for each vehicle to reach the intersection. Specifically, once
a vehicle enters the communication range of the traffic light,
it communicates to the traffic controller its information (e.g.,
speed, direction, location). The traffic signal timing will then
be decided according to the arrival time of each individual
vehicle with the control objective being to minimize the overall
energy consumption for all detected vehicles scheduled to pass
the intersection. Each vehicle will receive a schedule from the
traffic controller on when to pass the intersection.
From a vehicle’s perspective, it would be one of these two
cases when approaching a MEETS intersection: 1) keep its
current speed, or 2) slow down. In the second case, the ECC
onboard the vehicle will calculate its speed plan (ECC will be
explained in Section III B). In MEETS, we assume vehicles
will not speed up to overtake others near the intersection, this
is in part for safety concerns, and it also helps to simplify the
optimization problem.
Similar to [17], we assume the following to simplify the
modeling of the intersection. In Fig. 1, we assume that the
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Fig. 1.

A simple intersection.

intersection has two roads, each road has one lane, and vehicles on the same road have the same inbound and outbound
directions (without left or right turns). Both the vehicles and
the traffic controller are equipped with communication devices
that are running IEEE WAVE protocols [42]. The traffic
controller only needs to listen to the vehicles’ basic safety
messages, which contain information about the vehicle speed,
location, heading, etc. Based on this information, the traffic
controller is able to estimate the arrival time of each vehicle.
Given that basic safety messages (specified in SAE J2735) are
designed to be broadcast at 10 Hz with a transmission range
of about 300 meters, no additional protocol is required for the
proposed traffic control strategy.
In this model, vehicles coming from the same direction (i.e.,
inbound road) will leave the intersection in a stringent order
according to their arrival time. In other words, passing is not
allowed near the intersection and vehicles will be discharged
from their respective directions in a first-in, first-out order.
Hence, for the q th vehicle on road r , we have: Vr1 ≺ Vr2 ≺
q
. . . ≺ Vr (i.e., Vr1 is followed by Vr2 etc.). Other parameters
for MEETS strategy are tabulated in Table I.
We use E (q1 , q2 , r ) to denote the total energy loss after
q1 vehicles on road 1 and q2 vehicles on road 2 have passed
q
q
(i.e., V11 , V21 , . . . , V11 and V12 , V22 , . . . , V22 ), and at that time
the traffic light is green on road r . Let nr denotes the total
number of vehicles on road r , the problem of finding the
energy optimal control strategy becomes:
min {E (n 1 , n 2 , 1) , E (n 1 , n 2 , 2)}
With reference to the example in Fig. 1, the objective can thus
be expressed as:
min {E (2, 3, 1) , E (2, 3, 2) }
That is to find the minimum total energy loss in two cases:
a) when two vehicles have crossed road 1 and three vehicles
have crossed road 2, and the final traffic light phase is green
on road 1, and b) all vehicles have crossed roads and the final
phase is green on road 2.
Intuitively, we can solve the problem by scheduling one
vehicle at a time based on the total energy loss in previous
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TABLE I
PARAMETERS IN M EETS C ONTROL S TRATEGY

as hybrid electric vehicles (HEVs), plug-in hybrid electric
vehicles (PHEVs), and all-electric vehicles (EVs).
We estimate the parameters for e using an empirical
q
approach: For each type of vehicle, Br is estimated by
calculating the energy consumption difference between the
following two scenarios: 1) the vehicle cruises through the
intersection at a constant speed, and 2) the vehicle stops
at the intersection and then regains cruising speed. In both
scenarios we assume the vehicle travels an equal distance.
q
As to K r , its value depends on the auxiliary load and engines’
q
power output when idling. In our simulation, K r is obtained
by feeding a drive cycle with zero speeds into FASTSim.
3) Dynamic Programming: If we consider the approaching
vehicles as a set of jobs [44] (i.e., each direction is a job and
each vehicle is an operation with precedence constraints) and
the intersection as a shared machine, then the problem of
finding the minimum total energy loss turns into a scheduling
problem. We can find the optimal solution by a forward
dynamic programing algorithm. The recursion is as follows:
    

E (q1 , q2 , r ) = min
E q1 , q2 , r + e
(2)

r =1,2

q f

times. E.g., looking backwards in time, E(2, 3, 1) depends on
E(1, 3, 1) and E(1, 3, 2), then E(1, 3, 1) further depends on
E(0, 3, 1) and E(0, 3, 2) . . . Before we present our solution in
Section III A. 3), we first describe how energy loss is modeled
in the proposed system.
2) Energy Penalty Factor: We use the energy penalty factor
e to model the energy loss for a vehicle in crossing the
intersection. It is designed to roughly estimate the energy
loss from a vehicle having to stop. Note that the ECC design
(described in Section III.B) will address more detailed driving
behavior influences on energy consumption. In the dynamic
programming described in the following section, e is used to
compute the minimum total energy loss E, which thus helps
in weighting between the different scheduling strategies. The
energy penalty factor consists of two parts: 1) the loss of
kinetic energy if a vehicle has to stop at the intersection and
then reaccelerate back up to speed, and 2) the energy wasted
in engine idling during the time of waiting. In particular, for
q
vehicle Vr that has a waiting time of τ before entering the
q
intersection, let K r denotes the energy consumption rate (e.g.,
q
in terms of kilojoules per second) when idling, and Br
denotes the total energy required to regain the cruising speed,
the energy loss for a vehicle to cross the intersection is defined
as:

q
q
K r × τ + Br i f stopped
(1)
e=
0
other wi se
q

q

K r and Br are determined using the Future Automotive
Systems Technology Simulator (FASTSim) [43] for different
types and models of vehicles. FASTSim, developed by the
National Renewable Energy Laboratory, is a powertrain model
that can be used for calculating fuel economy. It also provides
comprehensive vehicle models that allow for evaluating both
fuel and electricity consumption for advanced vehicles, such

where
= q f f or f = r , otherwise q f = q f − 1 f or f =
r, f ∈ {1, 2}.
To simplify the notation, the index of the vehicle of interest
is omitted. For example, in Fig. 1, to calculate E(2,3,1) we
have:
 
E (2, 3, 1) = min{E (1, 3, 1) + e V21 , E (1, 3, 2) + e(V21 )}
where V21 is the vehicle of interest.
To calculate the total energy loss (i.e., E), we need to keep
track of the travel time (i.e., T ). We denote the total travel
time T (q1 , q2 , r ) in a similar fashion as E (refer to Table I).
q
Intuitively, T (q1 , q2 , r ) for Vr can be calculated by considering four cases (refer to the S CHEDULE () function in
Algorithm
1):

 Case 1) when the previous signal is green (at
T q1 , q2 , r ) and there is no waiting/discharging queue,
q
q
q
q
T (q1 , q2 , r ) = Ar + Pr , where Ar , Pr are the estimated
q
arrival time and intersection crossing time of Vr respectively.
Case 2) when the previous signal
is a
 is green
 and there
q
waiting queue, T (q1 , q2 , r ) = T q1 , q2 , r + H + P r , where
H is the saturation headway (i.e., discharge time). Note that
q
the time for Vr to leave the waiting queue at the intersection
(i.e., the discharging time after the signal turns green) depends
on its position in the queue. The recursion lumps saturation
headway. For the N th vehicle in the queue, for example, its

discharging time is Crr + N × H . Crr is the sum of yellow
and all-red time when traffic signal switches from
 to
 one road
another. Case 3) when the previous signal (at T q1 , q2 , r  ) is
red and the last scheduled vehicle from the opposite direction
q
q
has passed the intersection, T (q1 , q2 , r ) = Ar + Pr . Case 4)
q
when the signal is red and Vr needs to wait for the last vehicle
from
direction to be cleared, T (q1 , q2 , r ) =

 the opposite
T q1 , q2 , r  + Crr + P rq .
Finally, we can calculate the τ , i.e., the time span that the
vehicle is in full stop, as:
q

q

τ = T (q1 , q2 , r ) − Ar − Pr

(3)

HOU et al.: CIVIC-E2

2329

Algorithm 1 Intersection Controller
I NTERSECTION C ONTROLLER (Lst1, Lst2)
 Input: List of vehicles’ estimated time of arrival by
directions:
 Lst1 = A 11 , A 21 , . . . , A n1 1 , Lst2 = {A 12 , A 22 , . . . , A n2 2 }
 Output: matrix E
 Optimal result is min {E (n 1 , n 2 , 1) , E (n 1 , n 2 , 2) }
1: E (0, 0, r ) ← 0, T (0, 0, r ) ← ∞
2: I NITIALIZE VARIABLES ()
3: for s ← 2 to (n 1 + n 2 + 1); diagonal traverse, refer to
Fig. 2
4: for i ← 0 to (n 1 +1)
5:
for j ← 0 to (n 2 +1)
6:
if (i + j − s = 0)
7:
for k ← 1 to 3
8:
S CHEDULE (i,j,k,E,T)
9: return E
S CHEDULE (q1 , q2 , r, E, T )
 Input: q1 , q2 , r, E, T refer to Table I
 Output: update E (q1 , q2 , r ) , T (q1 , q2 , r ) in matrix E, T
1: for each r  ∈ {1, 2}
q
2: if Ar > T (q1 , q2 , r ); Case 1), no light change, no waiting
q
q
3:
T (q1 , q2 , r ) = Ar + Pr 

4:
E (q1 , q2 , r ) = E q1 , q2 , r
q
5:
else ; Case 2), Vr needs
 to wait
 in queueq
6:
T (q1 , q2 , r ) = T q1 , q2 , r + H + Pr
7:
calculate e using Eq.
 3 and1
8:
E (q1 , q2 , r ) = E q1 , q2 , r + e
9:
temp1 =
 T (q1 , q2 , r ) , temp2 = E (q1 , q2 , r )
q
10: if Ar >T q1 , q2 , r  +Crr ; Case 3), switch traffic light from r  to r
q
q
11:
T (q1 , q2 , r ) = Ar + Pr

12:
E (q1 , q2 , r ) = E q1 , q2 , r 

13: else ; Case 4), wait r  to clear 
q
14:
T (q1 , q2 , r ) = T q1 , q2 , r  + Crr + Pr
15:
calculate e using Eq.
 3 and 1
16:
E (q1 , q2 , r ) = E q1 , q2 , r  + e
17:
if τ > Sr  ; τ is calculated in line 15
q
18:
continue ; schedule Vr and switch light, regardless of E
19: if (q1 , q2 , r ) > temp2; essentially Eq. 2
20:
T (q1 , q2 , r ) = temp1, E (q1 , q2 , r ) = temp2
21: end for each

The algorithm to find min {E (n 1 , n 2 , 1) , E (n 1 , n 2 , 2) }
is given above, which iteratively solves the forward dynamic
programing problem. In line 1, the initial values of E and T are
set to be ∞. Then, in the function I NITIALIZE VARIABLES(),
we have T (1, 0, 1) = A11 + P11 , E (1, 0, 1) = 0 and
T (0, 1, 2) = A12 + P21 , E (0, 1, 2) = 0. The other two initial
cases: T (0,1,1) and T (1,0,2) are not possible without violating
traffic rules, thus are set to ∞. For example, T (0, 1, 1)
indicates that no vehicle from road 1 and one vehicle from
road 2 have crossed the intersection, but the last vehicle that
crossed the intersection was from road 1, which contradicts
reality.
Lines 3-8, in the I NTERSECTION C ONTROLLER () function
look for minimum energy loss by breaking it down to schedule
one vehicle at a time. Essentially, it traverses an n1 ×n2
matrix in diagonal strips (as shown in Fig. 2(a)). Each decision depends on the energy loss of two previous results,

Fig. 2.
(a) An illustration of diagonal traverse. (b) An illustration of
elements’ index and their corresponding stripe number in a diagonal traverse.
Note the sum of indexes of each element in a stripe equals their stripe number.
i.e., let i, j, s be the index of row, column and stripe, respectively, then
i + j − s = 0.

the S CHEDULE () function handles which previous schedules
are required to calculate the next one. Specifically, lines 2-8 in
the S CHEDULE () function handle the case that traffic light will
not change, i.e., the last vehicle crossing the intersection was
from the same road r , and lines 10-16 handle the case that the
last crossing vehicle was from an different road r  . To avoid
stopping a vehicle for a long time because of the heavy traffic
on the other direction, lines 17-18 check the waiting time. If τ
exceeds the maximum stopping time Sr , then E (q1 , q2 , r ) and
T (q1 , q2 , r ) will be updated for switching the light regardless
of the energy loss. Sr can be set to the maximum green time of
road r by default, thus providing an upper bound of vehicles’
waiting time.
After finding the optimal E with Algorithm 1, vehicle
schedules can be calculated by back tracking the minimum
energy loss (i.e., the order of vehicles being scheduled to cross
the intersection that produces the optimal E). The traffic light
schedule can then be derived by aggregating individual vehicle
schedules.
The time complexity of the Algorithm 1 is O (n2 ), since
the function S CHEDULE () is called n1 × n2 × 2 times and
the complexity of S CHEDULE () is O(1). Specifically, lines
3-8 in I NTERSECTION C ONTROLLER () diagonally traverse
two n1 × n2 matrices once (as shown in Fig. 2(b)): one matrix
for E (q1 , q2 , 1) and the other for E (q1 , q2 , 2).
4) MEETS for a Typical Four-Leg Intersection: Although
we introduced the MEETS algorithm using a simple twoway intersection, the control strategy can be readily adopted
to a common intersection controller. For a standard 8-phase
controller of a typical four-leg intersection (as shown
in Fig. 3) [47], given its current ring-and-barrier settings,
MEETS can be implemented with the following modifications:
1) consider vehicles that can pass during the same signal
phase as a set of vehicles traveling in the same direction.
For example, in Fig. 3, vehicles from direction 1,5 can be
treated as if they are on the same road; 2) set the dynamic
programming process to follow the sequence in the ring-andbarrier diagram. For example, if direction 1,5 is considered
as road 1 and direction 2,6 is considered as road 2, then the
iterative process in the I NTERSECTION C ONTROLLER () function needs to consider one vehicle on road 1 first then one on
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use of different types of vehicles. The mechanical work for a
certain drive cycle (speed trajectory) can be separated into the
work that has been used to approach the intersection, denoted
as Wapproach , and the work that has to be supplied after
crossing the stop bar, denoted as Wrest . Hence, the objective
of minimizing the mechanical work is to:
min. Wapproach + Wrest

Fig. 3. (a) Typical vehicle and pedestrian movement at a four-leg intersection, (b) Standard ring-and-barrier diagram.

road 2; and 3) decide constant values in Table I according to
the intersection specifications, such as setting vehicle crossing
time base on the width of the intersection and traveling
speed.
In general, when there are k signal sequences (i.e.,
k = |r |), the algorithm takes O(n k · k) to calculate the
optimal signal timing. Given that the algorithm can finish in polynomial time, it can be deployed in real-world
intersections.
B. Eco-Cruise Control (ECC) for Speed Planning
In CIVIC-E2 , the objective of the vehicle speed planning
step is to guarantee that a vehicle would arrive at the intersection as scheduled by the traffic controller while simultaneously
minimizing its energy consumption. This problem is similar
to the aforementioned eco-signals problem studied in the literature and surveyed in Section II.B; the difference, however,
stems from how the traffic controller operates. In CIVIC-E2 ,
each vehicle is scheduled to cross the intersection at a
specific time (or a small time window) whereas for ecosignals applications, each vehicle’s arrival time is loosely
restricted by the signal period, i.e., the eco-signals application
can choose anytime within a green cycle for the vehicle to
pass the intersection. Although several previous studies have
shown that a heuristic algorithm will work reasonably well
for eco-signals, we need a systematic way to meet the time
requirement in CIVIC-E2 .
In the following section, we propose an ECC strategy
for speed planning. Given the scheduled time to pass the
intersection (the output from MEETS) and the position of
the vehicle in front (information collected from onboard sensors or the wireless channel), ECC uses a Model Predictive
Control (MPC) algorithm to guarantee the timely arrival of a
vehicle. Specifically, our control algorithm is inspired by the
work on predictive cruise control by Asadi and Vahidi [27].
The major difference between our proposed ECC strategy and
predictive cruise control is that we explicitly consider reducing
energy consumption in the control objectives.
1) Minimize Energy Consumption Approaching a Traffic
Light: Similar to Section III.A.2, we consider energy consumption in terms of the mechanical work that is applied to
a vehicle when passing the intersection. Using physical work
instead of gas consumption allows us to compare the energy

If a vehicle needs to slow down, we use Wbrake to denote
the braking work. Let E 0 be the initial kinetic energy of the
vehicle, and E 1 be the energy when the vehicle reaches the
stop bar, we have the following energy equilibrium when a
vehicle crosses the stop bar:
E 1 − E 0 = Wapproach + Wbrake

(4)

Without loss of generality, we assume that after crossing the
intersection, vehicles will get back to their cruising (initial)
speed, thus the final energy of a vehicle is again E 0 . We thus
have the following:
Wrest = E 0 − E 1

(5)

With Eq. 4 and Eq. 5, the new objective can be rewritten
as:
min. − Wbrake = −

x f brake (t)dt

where x is the travel distance and f brake (t) is the braking
force at time t. In the following section, this objective is
incorporated in the cost function of the MPC method.
2) Model Predictive Control: Simple vehicle dynamics are
used in the modeling process. Let f engine , f brake , froad be the
force of engine, braking force, and the road force, respectively.
For a vehicle with a mass of m kg that traveled x meters,
the longitudinal dynamics are:
d2x
= f engine − f brake − froad
(6)
dt 2
where froad lumps the road forces, including aerodynamic
drag and rolling resistance.
m

froad = Cd v 2 + μmg
and where Cd is the drag coefficient, μ is the coefficient of rolling resistance, and g is the gravitational
acceleration.
The major design priority in ECC is to make sure vehicles arrive at the intersection according to the scheduled
deadline, otherwise a missed deadline may cause cascading
effects on the remaining vehicles. In the control objective,
we target at minimizing the difference between the reference
speed (v t arget (t)) and the output speed, i.e., to control a
vehicle to follow a reference speed that guarantees the timely
arrival. The reference speed is calculated according to the
vehicle’s distance to the intersection (to the stop bar) and
the remaining time to the scheduled arrival time. The reference
speed is updated in each prediction horizon based on vehicle’s
position at that time. The drive cycle obtained by v t arget (t)
may not necessarily be the energy optimal speed trajectory,
but ECC provides a systematic way to guarantee the arrival
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the following two modifications or assumptions to linearize
the proposed model:
1) In the vehicle model, we treat froad as a measured
disturbance to approximate road force (i.e., use v from the
last prediction period). With this, Eq. 6 can be written in the
following state-space discretized form:
z (k + 1) = Az (k) + Bu u (k) + Bw w(k)
y (k) = Cz(k)
Fig. 4.

An illustration of the safety constraint in ECC.

time. Because the reference speed is adjusted according to
the scheduled arrival time, as long as the vehicle eventually
follows the reference speed, it will arrive at the intersection
on time.
In an effort to reduce the energy consumption for a vehicle,
we target at minimizing the physical work that has been used
for braking. Intuitively, only braking is costly according to
Eq. 4. As we discussed in Section III.B.1, to minimize the
mechanical work applied to the vehicle, we need to minimize
the mechanical work for braking.
With the objectives of speed tracking and reducing mechanical work for braking, the control performance index at each
step k is defined as:
k+P−1

{w1 (v ( j ) − v t arget ( j ))2

J (k) =
j =k

+ w2 [ f brake ( j ) × (x ( j ) − x ( j − 1) )]2 }
where w1 , w2 are penalty weight for each term, and P is the
number of prediction steps in the future.
Additionally, the following constraints should be satisfied
over the future prediction horizon. Let j be the time index,
∀ j ∈ {k, k+1, . . . , k+P−1}: 1) speed limit: 0 ≤ v( j ) ≤ v max ,
where v max denotes the maximum speed limit. It is decided
based on the local speed limits; 2) bounds on the traction force:
max
max
0 ≤ f engine ( j ) ≤ faccelerat
ion , 0 ≤ f brake ( j ) ≤ f decelerat ion ,
max
where the maximum force of acceleration, i.e., faccelerat
ion
max
and the maximum force of deceleration f decelerat ion can be
estimated based on the vehicle’s dynamics (e.g., by assuming
the maximum deceleration is 1g); and 3) the minimum safe
distance between this vehicle and the vehicle in front of
it, which should be a function of the vehicle speed, and is
chosen as: x f ront ( j ) − x ( j ) ≥ αv ( j ) + β [45] where α, β
are constants, α is often referred to as the “dynamic gap,”
which provides extra separation distance between vehicles
with increasing speeds, whereas β is a “static gap,” which
determines the minimum gap needed when the vehicles are
stopped (refer to Fig. 4). We assume that at each time step,
the distance between the current vehicle and the preceding
vehicle, denoted by x f ront (), is known by the ECC controller. This information can be collected by technologies
used in an Adaptive Cruise Control, or through wireless
communication.
3) Solve ECC With MATLAB: The proposed MPC problem
can be solved using MATLAB’s MPC Toolbox, making it easy
to deploy ECC to physical devices. In doing so, we introduce

where z = [x v]T is the state vector, u = [ f engine f brake ]T is
the control input, w = [ froad ] is the measured disturbance.
A, Bu , C ∈ R2×2 , Bw ∈ R2×1 are the discretized systems
matrices. The main outputs of interests are y = [x, v]T .
2) In the objective function, we use w2 to approximate [x ( j ) − x ( j − 1)]. w2 is decided upon from
the last prediction period. We thus have: J (k) =

k+P−1
j =k

{w1 (v ( j ) − v t arget ( j ))2 + w2 f brake ( j )2 }. Note that

0 the vehicle is decelerating, then using the
when f brake
previous x ( j ) − x ( j − 1) in the objective essentially involves
minimizing the upper bound of the physical work of braking.
IV. P ERFORMANCE E VALUATION
In this section, we compare the performance of the proposed
sustainable control strategy with traditional fixed-time and
actuated control signalization strategies. An isolated two-way
intersection (refer to Fig. 1) is modeled in VISSIM version 5.40, and vehicle behaviors are controlled by VISSIM’s
Wiedemann74 model with default parameters. The proposed
MEETS strategy is implemented by overwriting VISSIM’s
signal controller via a COM interface. Average vehicle cruising
speed is set to 30 mph to mimic an urban environment.
Given the communication range of a connected vehicle is
about 300 m, the link distance of each road is assumed
to be equal to 600 m. Both low and high traffic volume
scenarios are tested: let the flow rate of the i th road be
f lowi vehicles/hour/lane, in an urban two-way intersection
setting, based on our simulation we find f low1 = 300,
f low2 = 400 is a good representation of the low volume case,
and f low1 = 600, f low2 = 800 for the high volume case.
Energy penalty factors are estimated based on traces collected
from VISSIM with stop-and-go behaviors (e.g., we find the
average acceleration/deceleration rate is about 2.68m/s 2 for
the default vehicle behavior model).
Fixed-time and actuated signal control strategies are used
as baseline for this study. For all the simulation experiments,
the fixed-time and actuated signal timing are optimized using
Synchro version 9.1, which is a classical signal timing program
for minimizing stops and queues with flow-based inputs.
Signal timing parameters used in the case studies are tabulated
in Table II. In the following results, the MEETS strategy refers
to the case where the vehicles are not controlled by the ECC
control algorithm. This means that only the signal control part
of CIVIC-E2 is implemented, and vehicle behavior follows
VISSIM’s car-following model.
We use two metrics to compare the performance of the
different signal control strategies: the length of the waiting
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TABLE II
T IME PARAMETERS

TABLE III
P OWERTRAIN PARAMETERS U SED I N FASTSIM

Fig. 5. Performance in the low traffic flow scenario. (a) Queue length of different strategies over time, (b) Total gas consumptions of different strategies
over time.

queue (i.e., the number of stopped vehicles) at each second,
and the aggregated energy use for all vehicles in the network
sampled each 50 seconds. Energy use in this analysis is
performed using FASTSim. For each testing scenario, all
vehicles have the same total travel distance, i.e., from entering
the communication range to leaving it). The speed profiles
generated by VISSIM are simulated in FASTSim assuming
mid-size sedans and Class 8 trucks for passenger vehicles and
heavy-duty vehicles, respectively. The relevant parameters of
these powertrain models are shown in Table III.
We first evaluated the performance in the low traffic flow
scenario. Fig. 5 shows that the proposed CIVIC-E2 strategy can significantly reduce queue length and energy consumption when compared with the fixed-time and actuated

strategies. Specifically, compared to the fixed-time strategy,
the CIVIC-E2 system can reduce fuel consumption by 31%.
This result tends to confirm the hypothesis that explicitly
considering energy saving in intersection control is an effective
sustainable mobility approach. As we expected, the actuated
control strategy outperformed the fixed-time control strategy
and reduced the number of vehicles stopped at the intersection.
However, actuated signal control works in a passive manner,
i.e., it needs vehicles to trigger loop detectors before switching
the signal, which led to at least one vehicle being stopped
(refer to Fig. 5 (a)). Under MEETS and with vehicle information from vehicle-to-infrastructure communication, the signal
phases can be switched in a proactive manner to further reduce
the number of stopped vehicles.
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Comparison of the driving behavior of 10 vehicles in the low traffic flow scenario. (a) Vehicle traces without ECC, (b) Vehicle traces with ECC.

To better illustrate the effect of ECC in CIVIC-E2 ,
Fig. 6 shows traces of the first 10 vehicles passing through
the intersection. All of these vehicles are traveling to the same
direction. In Fig. 6, the green-and-red bar shows the signal
timing calculated by the MEETS, which has dynamic cycle
length and split. Two scenarios have been compared: 1) vehicles traveling without utilizing ECC (Fig. 6 (a)), their driving
behavior is controlled by the Wiedemann74 model in VISSIM,
and 2) vehicles controlled by ECC (Fig. 6 (b)), their driving
behavior is simulated with MATLAB. As can be seen, without
ECC, at around 60 seconds into the simulation time, stopped
vehicles start accumulating at the intersection. In comparison,
with the same signal schedule, stopping can be avoided when
ECC is active (Fig. 6 (b)). By proactively adjusting their speed
once entering the communication range of the intersection,
vehicles with ECC result in further reductions in fuel use.
Moreover, to determine if the proposed ECC strategy can
be readily implemented in real time, we recorded the total
computational time for solving the MPC optimization problem.
The algorithm was implemented in MATLAB R2014b, and
run on an AMD Phenom II X6 3.00 GHz processor with
8 GB of memory. For a simulation trip of the aforementioned
scenario (each trip is 600 meters), the average CPU time for
running the optimization of one vehicle is 2.029s (standard
deviation = 0.369s), which appears to be quite reasonable.
Fig. 7 (a-d) shows the results in the high traffic flow scenario. When compared with the Fixed-time strategy, CIVIC-E2
systems managed to reduce fuel consumption by around 28%.
In Fig. 7 (a, b), it can be seen that the proposed CIVIC-E2
strategy performed the best in terms of both queue length and
total fuel consumption. These results indicate that CIVIC-E2
appears to be effective for both high and low traffic flow
scenarios. In contrast, when one compares the fuel use between
actuated and fixed-time control strategies, the actuated strategy no longer outperforms the fixed-time strategy under the
high traffic flow case. As can be seen from Fig. 7 (b),
the difference between actuated and fixed-time signal control
is not that significant. This is mainly due to the high flow
rate in both directions, which leads to a scenario where the
loop detectors are always activated by vehicles; in that case,

the actuated control strategy works as if it were a fixed-time
strategy.
In Fig. 7 (c, d) we replace 5% of the overall vehicles
with Class 8 trucks to evaluate the control strategies with
multimodal traffic (i.e., in the presence of trucks). Other
parameters were kept the same as in the all-passenger vehicle
case. Vehicle arrival times were the same in both these two
cases, thus resulting in a similar performance in terms of
queue length (refer to Fig. 7 (a) and (c)). One may have also
expected similar results in terms of fuel consumption; however,
in Fig. 7 (d), the actuated control strategy appears to have
resulted in greater fuel use than the fixed-time strategy. This
is mainly because a greater number of heavy-duty vehicles
were stopped in the actuated case due to insufficient green
light extension time (although the total number of stopped
vehicles in the actuated case is less than those in the fixed-time
case), and the heavy-duty vehicles’ fuel consumption accounts
for a very large percentage of the total fuel consumption.
To justify this explanation, Fig. 7 (d) shows the total number of
stopped trucks during the simulation period. Overall, our tests
clearly show that CIVIC-E2 can effectively improve traffic
flow, minimize queue length, reduce fuel use, and support
multimodal traffic.
The remainder of our experiments focused on evaluating the
energy impact of the CIVIC-E2 system in traffic streams of the
future, which are likely to include a significant percentage of
hybrid and electric vehicles. A recent published report [46]
presents a scenario where by the year 2030, 77% of road
traffic consists of electrified vehicles, i.e., HEVs, PHEVs,
and EVs. In Fig. 8, two vehicle compositions are evaluated:
1) a conventional vehicle (Con.V)-dominant scenario where all
vehicles are assumed to be Con.Vs, and 2) an xEV (including
EVs, HEVs, and PHEVs)-dominant scenario that, based on
estimates from [46], was assumed to consist of 19% HEVs,
56% PHEVs, 1.9% EVs, and 23.1% Con.Vs. To simplify the
simulation of PHEVs, we assumed that such vehicles behaved
like an EV for two-thirds of the time and behaved as an HEV
for one-third of the time. Vehicle models used in the FASTSim
simulation were a 2012 Ford Fusion, a 2012 Ford Fusion
HEV, and a 2012 Nissan Leaf for the Con.V, HEV, and EV,
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Performance in the high traffic flow scenario. (a, b) traffic consists only of passenger vehicles, (c, d) traffic includes 5% Class 8 trucks.

respectively (parameters used for EV and HEV simulations
are tabulated in Table III).
Fig. 8 confirms that CIVIC-E2 has the potential to reduce
energy consumption for both current and future traffic streams.
In the xEV-dominant scenario, when compared with the fixedtime traffic signal control strategy, the proposed CIVIC-E2
system was able to reduce average gasoline consumption by
17% and electricity consumption by 14%. Although major fuel
savings are likely to come from vehicle electrification, the
results confirm our observation that CIVIC-E2 is an efficient
approach to further reduce energy consumption for a variety
of vehicle technologies at intersections.
Finally, we evaluated how different penalty factors e would
affect the system performance results. In previous simulations,
all passenger vehicles were assumed to have the same energy
penalty factors in MEETS (trucks were given a higher penalty
in proportion to their energy consumption). However, because
xEVs usually consume less energy compared to Con.Vs (due
to their advanced powertrains such as regenerative braking),
we were interested in answering the following two questions:
1) how would different penalty factors assigned to account for
stopping of xEVs vs. Con.Vs affect energy consumption? and
2) whether the CIVIC-E2 system, with reduced penalty values
for stopping xEVs, might result in longer delay for those
vehicles? Given that it is difficult to quantitatively compare
energy use between the Con.V and the xEV (because xEVs
consume both gasoline and electricity), we compare two test

Fig. 8. Average and standard deviation of energy consumption per vehicle
in the low traffic flow scenario.

cases: 1) CIVIC-E2 100% penalty in which the Con.V and
xEV are set to have the same penalty factor, and 2) CIVIC-E2
85% penalty in which the value for an xEV’s penalty factor
is assumed to be equal to 85 % of that for a Con.V. In other
words, the algorithm assumes that, if stopped, an xEV uses
15% less total energy than a Con.V uses.
Fig. 9 shows the results with different penalty factors for
the xEV-dominated traffic stream. In the scenarios investigated,
the use of different penalty factors does not appear to significantly affect the test results: the average energy consumption
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to reduce energy consumption by up to 31%, as well as to
significantly improve traffic flow at signalized intersections,
by reducing queue length by up to 95%. Additionally,
the results demonstrate that CIVIC-E2 can further improve
the efficiency of future traffic streams consisting of significant
percentages of electrified vehicles.
To extend the current work, future research should: 1) consider lane-changing behavior and allowing for signal preemption for approaching emergency vehicles, 2) consider coordination between multiple intersections along a corridor or in a
transportation network, and 3) incorporate an analytical model
for energy consumption, thus improving the speed advisory
strategy.
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