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Abstract
An engine-map-based predictive fuel-efficient control strategy for a group of connected vehicles is presented. A decentralized
model predictive control framework is formulated to predict the optimal velocity profile that compromises fuel economy and
mobility while guaranteeing the safety of each vehicle. In the model predictive control framework, an engine-map-based fuel
consumption model is established by implementing a backward conventional vehicle model in the cost function. Moreover,
the cost function is normalized by dividing each term by its reference value. An extra cost is added to the safety term when the
distance between adjacent vehicles drops to a critical value to guarantee vehicle safety, while another extra cost is considered
for the velocity tracking term to prevent the violation of traffic rules. The results of simulation show the effectiveness of the
proposed control method.

Keywords Model predictive control · Connected vehicles · Fuel-efficient control · Engine map · Intelligent transportation
system

1 Introduction

Safety, mobility and environmental impacts (e.g., the fuel
efficiency and exhaust gas emissions) are current concerns
of the transportation system highlighted by the Department
of Transportation United States [1]. An emerging solution
is the use of connected-vehicle technology, which has been
reported to be capable of reducing vehicle crashes by 79%,
idling time by 4.2 billion hours and gas consumption by 2.8
billiongallons and thus reducing annual costs by$87.2 billion
[2, 3]. In the state-of-the-art connected-vehicle environment,
vehicle state information can be shared among vehicles via
vehicle-to-vehicle (V2V) communication,while signal phase
and timing (SPAT) information is also accessible to the vehi-
cles via vehicle-to-infrastructure (V2I) communication [4].
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In recent years, connected-vehicle technology has been
developed to improve the mobility and fuel economy of
vehicles [1, 5]. Recent studies have reported that vehicle con-
nectivity can improve the fuel economy of vehicles through
the formation of a platoon, where vehicles have similar
behaviors and the number of sharp acceleration and braking
events is reduced [6, 7]. It is known that the fuel econ-
omy of vehicles depends on the powertrain characteristics,
vehicle aerodynamics and driver behaviors [8]. Advanced
control methods, such as model-based control, are now
being developed, allowing for fully predictive and forward-
looking powertrain control that increases the possibility of
fuel savings [9, 10]. However, model-based control cannot be
implemented in real applications without preview informa-
tion of the future driving cycle [10]. As a result, powertrain
operation is rendered non-optimal regarding maximization
of the fuel economy [11]. This problem can potentially be
addressed with the emerging connected-vehicle technology
using additional and exogenous information for real-time
control of the vehicles as well as powertrains [12, 13]. It
is envisioned that in the near future, V2V and V2I com-
munications will facilitate extensive automated collaborative
operation for reduced fuel consumption and speed harmo-
nization for the mitigation of congestion [14].
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A number of recent studies used the concept of vehi-
cle connectivity to generate the optimal velocity profiles
that balance the fuel efficiency and mobility while guar-
anteeing vehicle safety. Kamal et al. [14] formulated a
model predictive control (MPC) problem to improve the fuel
economy of connected vehicles considering current traffic
conditions. Mandava et al. [15] used SPAT information to
develop an arterial velocity planning algorithm that min-
imizes the number of accelerations and decelerations. De
Nunzio et al. [16] considered a driver-in-the-loop scenario
and proposed a graph discretizing approach to generate the
most fuel-efficient velocity profile. However, the aforemen-
tioned studies consider only the one-vehicle scenario and
neglected vehicle interactions. To address this issue, other
works investigated multiple-vehicle scenarios. Kundu et al.
[17] presented an eco-speed control approach for the gen-
eration of the optimal velocity of a platoon of vehicles.
HomChaudhuri et al. [1, 6, 18] formulated decentralized
MPC for a group of connected vehicles under urban road
conditions using SPAT information. Lin et al. [19] proposed
a hierarchical controller for the generation of the optimal
velocity profile and energy management control of a group
of connected vehicles. Du et al. [20] closed the loop of the
hierarchical controller by feeding back the efficiencies of the
lower-level controller within certain update time windows.

The most popular approach for the prediction of the
optimal velocity profiles of connected vehicles isMPC incor-
porating SPAT, where the general idea is to reduce sharp
accelerations and stoppages at red lights while guarantee-
ing collision avoidance [15, 19]. To the best of the authors’
knowledge, because deriving an explicit expression of exact
engine fuel consumption is not easy, most of the existing
literature uses approximate fuel consumption models in the
MPC cost function and those models are basically polyno-
mial functions of the velocity and acceleration. Some studies
[2, 5, 15, 18] have modeled the fuel consumption rate for
the conventional vehicle as the summation of fuel consump-
tion rates in two scenarios: (1) the vehicle is cruising and
(2) the vehicle is accelerating. Other studies [1, 4, 19, 20]
have proposed a longitudinal vehicle-dynamics-based fuel
consumption model for a hybrid electric vehicle. However,
the aforementioned approximate fuel consumption models
neglect the behaviors and characteristics of the engine and
transmission. They may therefore be incapable of reflecting
the real fuel consumption rate of the vehicle [18]. There-
fore, optimization with an approximate fuel consumption
model may not result in the best fuel economy. Further-
more, although some approximate fuel consumption models
have been validated by experiments, fitting such approximate
fuel consumptionmodels is time consuming andmay require
much data from simulations or real experiments [14, 21].

Motivated by the aforementioned problems, we propose
an engine-map-based predictive fuel-efficient control strat-

egy for a groupof connectedvehicles.Weextendour previous
work [1, 3, 4] by substituting the longitudinal vehicle-
dynamics-based approximate fuel economy model with the
real-time engine-map-based fuel consumption model in the
MPC cost function. The MPC problem is thus developed
on the basis of knowledge of the engine and transmission
behaviors and characteristics. To save time tuning the weight
factors, we normalize each term in the cost function by divid-
ing the terms with their reference values. Additionally, to
guarantee the avoidance of vehicle collisions, we give extra
cost to the vehicle safety termwhen the inter-vehicle distance
drops to a predefined critical value. In addition, in the case of
vehicles running a red light, we give another extra cost to the
velocity tracking termwhen the traffic light is red. Finally, we
validate the proposed method for different scenarios through
simulation.

The remainder of the paper is organized as follows. Sec-
tion 2 presents a mathematical description of the modeling
of vehicle components and the procedures for generating
an engine-map-based fuel consumption model. Section 3
formulates the proposed engine-map-based MPC problem.
Section 4 performs simulation studies, and Sect. 5 presents
conclusions and considers future work.

2 Modeling of the Vehicle

We present an engine-map-based fuel-efficient control strat-
egy for a group of connected vehicles. To achieve the
engine-map-based fuel consumption, we employ a backward
continuously variable transmission (CVT)-based conven-
tional vehicle model in the MPC cost function. This section
presents the modeling of the main vehicle components and
discusses the procedures for generating the engine-map-
based fuel consumption model.

2.1 Driver Model

The driver model established in this study is a typical propor-
tional–integral–derivative (PID)-based model that generates
the torque request and power request of the vehicle. The
driver model can be expressed as:

Treq � Kp(v − v0) + Ki

∫
(v − v0)dt + Kd · d(v − v0)

dt
(1a)

Preq � f1(Treq, v) (1b)

where T req and Preq are, respectively, the torque request and
power request of the vehicle; v is the driving cycle velocity
(predicted velocity), and v0 is the real output velocity of the
vehicle; and Kp, K i and Kd, respectively, denote the propor-
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(a) 

(b) 

Fig. 1 Engine fuel consumption and efficiency model. a Fuel consump-
tion model, b efficiency model

tion, integration and differentiation coefficients of the PID
controller.

2.2 Engine Model

For the backward vehicle simulationmodel used in this paper,
the enginemodel consists of the fuel consumptionmodel and
efficiency model and is expressed as:

ṁf � f2(Te, ne) (2a)

ηe � f3(Te, ne) (2b)

where ṁf is the fuel consumption rate of the engine; T e and
ne are, respectively, the torque request and speed request of
the engine; and ηe is the efficiency of the engine.

The engine fuel consumption model and efficiency model
are, respectively, illustrated in Fig. 1a, b.

2.3 CVTModel

TheCVTmodel employed in this paper is a data-basedmodel
expressed as:

iCVT � f4
(
Preq, v

)
(3a)

ηCVT � f5(TCVT, iCVT) (3b)

nCVT_out � nCVT_in/iCVT (3c)

where iCVT is the CVT transmission ratio; TCVT is the torque
request of CVT; ηCVT is the CVT efficiency; and nCVT_in and
nCVT_out are, respectively, the CVT input and output speeds.

The CVT transmission ratio iCVT with regard to the
power request of the vehicle Preq and predicted velocity v is
illustrated in Fig. 2a, while the CVT efficiency ηCVT corre-
sponding to torque request T req and CVT transmission ratio
iCVT is illustrated in Fig. 2b. It is noted that the mechani-
cal efficiencies of the power components are defined as the
output power divided by the input power.

2.4 Vehicle Model

The longitudinal dynamics equation of the vehicle is

Ft � CDρaAfv
2
0

2
+ mg f cos θ + mg sin θ + δm

dv0
dt

(4)

whereF t is the traction force;CD is the drag coefficient; ρa is
air density; Af is the frontal area of the vehicle;m is the gross
weight of the vehicle; f is the rolling resistance coefficient;
θ is the road slope; and δ is the correction coefficient of
a rotating mass.Because the vehicle model employed is a
backward model, the procedures for obtaining the engine
fuel consumption rate are as follows.

1. With the predicted velocity v and the real output velocity
v0 of the vehicle at the current optimization time k, the
torque request T req and power request Preq of the vehi-
cle are calculated through a PID controller in the driver
model.

2. With the predicted velocity v and power request Preq of
the vehicle, the CVT transmission ratio iCVT and engine
speed request ne are obtained.

3. With the torque requestT req of the vehicle andCVT trans-
mission ratio iCVT, the CVT efficiency ηCVT is obtained.
Moreover, the engine torque request T e is obtained after
several algebraic operations.

4. With the engine torque request T e and speed request ne,
the fuel consumption rate ṁf and efficiency ηe of the
engine are obtained.

After algebraic operations for each vehicle block, the real
output velocity v0 of the vehicle is calculated and fed back
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(b) 

(a)

Fig. 2 CVT model. a Transmission ratio model, b efficiency model

to the driver model for calculation of the power request Preq

and torque request T req of the vehicle.

3 MPC Formulation

This section formulates a decentralized engine-map-based
MPC framework that maximizes the fuel economy and
mobility for a group of connected vehicles while guaran-
teeing safe inter-vehicle distances. In the connected-vehicle
environment, each vehicle is assumed to have access to posi-
tion and velocity information of the preceding vehicle via
V2V communication and SPAT information of the traffic
light via V2I communication. On the basis of local informa-
tion, the MPC generates the optimal velocity profile for each
individual vehicle. Figure 3 is a schematic of the problem.

Fig. 3 Schematic of the problem

The longitudinal dynamics of vehicle i are given by [1,
4–6]

ẋi (t) � Fi (xi (t), ui (t)) (5a)

Fi (xi (t), ui (t))

�
[

vi (t)
− 1

2mi
CDρaAfivi (t)2 − μg − g sin θ + ui (t)

]
(5b)

xi (t) � [si (t), vi (t)]
T (5c)

vimin ≤ vi (t) ≤ vimax (5d)

uimin ≤ ui (t) ≤ uimax (5e)

where x is the state variable and s is the position of the
vehicle; u is the longitudinal acceleration (control variable)
with lower bound umin and higher bound umax; vmin and vmax

are, respectively, the higher and lower bounds of the vehicle
velocity; and i is the vehicle index.

In the MPC problem, SPAT information is used to cal-
culate the target velocity range that reduces the number of
red-light stoppages of the vehicles. Moreover, to maximize
the mobility of vehicles, the target velocity is chosen as the
higher bound of the target velocity range. The target velocity
range is given by [5]

vihb(t) �⎧⎪⎨
⎪⎩

dia(t)
Kwtc−tg−t if light � red

vimax if light � green and dia(t)
Kwtc−t ≤ vimax

dia(t)
Kwtc+tr−t if light � green and otherwise

(6a)

vi lb(t) �⎧⎪⎨
⎪⎩

dia(t)
Kwtc−t if light � red
dia(t)
Kwtc−t if light � green and dia(t)

Kwtc−t ≤ vimax
dia(t)

(Kw+1)tc−t if light � green and otherwise

(6b)

vi target(t) � vihb(t) (6c)

where vitarget is the target velocity of vehicle i bounded by
vimin ≤vitarget ≤vimax; vihb and vilb are, respectively, the
higher and lower bounds of the target velocity range; dia
is the distance between vehicle i and the upcoming traffic
light a; and Kw denotes the cycle number of traffic signal
lights obtained from the floor value of the division of t by tc,

123



Engine-Map-Based Predictive Fuel-Efficient Control Strategies for a Group of Connected Vehicles 315

with tc being the period of the cycle of traffic signal lights
that equals the summation of the green-light duration tg and
red-light duration tr.

With the target velocity, position information of the
current vehicle and the preceding vehicle, and engine-map-
based fuel consumption model, we formulate a decentralized
MPC problem over a finite time horizon. In this paper, we
employ theMPC framework that penalizes the fuel economy,
safety, mobility and acceleration proposed in our previous
work [1, 4–6] subject to modifications: (1) the approximate
fuel consumption model is substituted with the engine-map-
based fuel consumption model, (2) we normalize each term
in the cost function by dividing it with its reference value
and give constant weights to the fuel consumption term and
control variable term, (3) to guarantee the avoidance of col-
lisions, we give an extra cost to the safety term when the
distance between adjacent vehicles drops to a predefined
value, and (4) to avoid the violation of traffic rules, we give
another extra cost to the velocity tracking term to ensure no
vehicle passes through a red light. The new MPC problem is
given by:

argmin
ui (t)

{
k+T−1∑
t�k

[
ω1

(
ṁif(t)

ṁf_ref

)2

+

[
ω2

(
Si j (t)

Sref

)2

+ a

]

+

[
ω3

(
vi (t) − vi target(t)

δvref

)2

+ b

]
+ ω4

(
ui (t)

uref

)2
]}

(7a)

Si j (t) � S0 + th
[
vi (t) − v j (t)

]
+

[
si (t) − s j (t)

]
(7b)

where ωii (ii �1, 2, 3, 4) is the weight factor; T is the MPC
horizon with step �t; ṁf_ref is the reference value of the
engine fuel consumption rate; Sij is the deviation of the dis-
tance between vehicles i and j from the desirable value with
reference value Sref; a and b are extra costs for the safety
term and velocity tracking term and are sufficiently large
constants; δvref is the reference value of the deviation of the
vehicle velocity from the target velocity; uref is the refer-
ence value of the control variable; th is the headway time;
S0 is the desirable distance between vehicles; and sj and vj
are, respectively, the position and velocity of vehicle j that
precedes vehicle i. In this paper, the fuel consumption rate
of vehicle i is calculated with Eq. (2a) and the backward
simulation model is written in the MPC cost function using
MATLAB code. The MPC uses the fuel consumption rate
calculated with the backward simulation model to optimize
the velocity profile of the vehicle. It is noted that the MPC
cost function should also satisfy the constraints of the longi-
tudinal vehicle dynamics presented in Eq. (5).

After introducing the engine-map-based fuel consumption
model, the computational burden may be higher than that
when using the approximate model. In this paper, we use the
fast MPC (FMPC) approach proposed in our previous work

[3, 18] to solve the MPC problem. The FMPC method is
an approximation-based method in which the dynamics of
the vehicle are rewritten in a linearized form by introducing
a state-independent parameter. The computation is acceler-
ated by exploiting the structure of the control problem, block
elimination and Cholesky factorization [18]. As theoretical
research, we focus on the fuel saving potential using a more
accurate fuel consumption model and it is acceptable that
the computational burden is increased and the fuel saving
potential compromised. After solving the MPC problem, the
optimal control variable is obtained, and the optimal velocity
(i.e., predicted velocity) can be calculated from the longitu-
dinal dynamics of the vehicle.

4 Simulation Studies

This section presents the simulation results of the proposed
method and baseline method. The main idea proposed in this
paper is the implementation of the engine-map-based fuel
consumptionmodel in theMPCcost functionwith extra costs
for safety and traffic rule violations as well as normalization
of the cost function. Because this paper is extended from our
previous work [1, 4], we choose the method proposed in [1,
4] as the baseline method.

This paper considers the scenario of four identical conven-
tional vehicles traveling along a single-lane road with traffic
lights every 500 m. The basic parameters of the considered
vehicles are tabulated in Table 1. To emulate a congested
urban road, the signal timing is sampled with a uniform dis-
tribution where the average red-light duration is 40 s and the
average green-light duration is 15 s. The higher and lower
bounds of the velocity are, respectively, 20 and 0m/s, and the
higher and lower bounds of the control variable are, respec-
tively, 1.5 and−1.5m/s2. The initial positions (with intervals
ranging 15–20 m) and velocities (ranging 10–15 m/s) of the
vehicles are generated randomly with uniform distributions.
The headway time is 1.5 s and the desirable distance between
adjacent vehicles is 5 m. The critical distance is chosen as
0.1 m in the case of collisions. The reference values in the
normalized cost function are ṁf_ref � 2 g/s, Sij_ref �15 m,
δvref �10 m/s and uref �1.5 m/s2. The finite MPC horizon is
8 s with a step of 0.5 s, and the total simulation time is 400 s.

This paper considers three scenarios, namely (1) a nor-
malized cost function with constant weights, (2) a non-
normalized cost function with time-varying weights, and (3)
different penetration rates, to demonstrate the effectiveness
of the proposed control method. For the first scenario, to
save time tuning the constant weight factors, we choose the
weights of the fuel consumption term and acceleration term
to be reasonable fixed constants.

In the first scenario, the cost functions of the proposed
method and baseline method are normalized with the weight
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Table 1 Basic parameters of the considered vehicle

Components and parameters Description and value

Vehicle mass (m) 1580 (kg)

Vehicle front area (Af) 2.25 (m2)

Drag coefficient (CD) 0.32

Rolling resistance coefficient (μ) 0.015

Wheel radius (r) 0.289 (m)

Engine 2.2 L SI gasoline engine with
rated power of 105 kW

CVT With ratio range of 0.44–2.43

Final drive ratio 5.3

factorsω1 �0.2,ω2 �0.2,ω3 �0.4 andω4 �0.2. The simu-
lation results for this scenario are shown in Fig. 4. Figure 4a
shows the trajectories of the vehicles. Red bars in the figure
denote the red-light windows, while blank spaces between
red bars are the green-light windows. Figure 4a shows that
within the simulation time of 400 s, all four vehicles pass

through eight consecutive traffic lights without intersect-
ing with the red-light windows, which means none of the
vehicles stop at red lights after the engine-map-based fuel
consumption model is implemented in the MPC framework.
Furthermore, all four vehicles operate cooperatively andnone
of their trajectories intersect with another, meaning the vehi-
cles do not collide with one another. Figure 4b clearly shows
that the distances between vehicles are always greater than
zero, again meaning that the vehicles do not collide with one
another. Moreover, after a quick regulation from the initial
values, the distances between adjacent vehicles converge to
the desired value of 5mwith desirable fluctuations. Figure 4c
shows that the velocity profiles of the vehicles have similar
behaviors and no profile drops to zero, further confirming that
the vehicles never stop in the simulation period. Figure 4d
compares the velocity profiles generated with our proposed
method and the baseline method. Because the velocity pro-
files of the vehicles are similar, for simplicity,we only present
the comparison of the velocity profiles of vehicle 4. It is
observed that by implementation of the engine-map-based

(a)

(b) (d)

(c)

Fig. 4 Simulation results for the normalized cost with constant weights ω1 �0.2, ω2 �0.2, ω3 �0.4 and ω4 �0.2. a Trajectories of the vehicles,
b Relative distances of the vehicles, c Velocity profiles of the vehicles, d Velocity profile for vehicle 4
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Table 2 Comparison of fuel economy

Vehicle no. Baseline method
(L/100 km)

Proposed method
(L/100 km)

Improvement
(%)

1 6.5817 6.2216 5.47

2 6.5613 6.2189 5.22

3 6.5825 6.2297 5.36

4 6.6209 6.2268 5.95

Average 6.5866 6.2243 5.50

Fig. 5 Engine operating points for the proposed and baseline methods

fuel consumption model, (1) the velocity profiles of the pro-
posed method and baseline method have similar behaviors
and similar general shapes and (2) the velocity profile of the
proposed method has lower accelerations and decelerations
(which play a major role in the fuel economy) than the veloc-
ity profile of the baseline method.

To demonstrate the advantage of using the engine-map-
based fuel consumption model, we present the fuel economy
results obtained using the proposed method and baseline
method in Table 2. The table shows that the fuel economy
obtained using the proposedmethod is 5.47%, 5.22%, 5.36%
and5.95%better than that obtainedusing thebaselinemethod
for vehicles 1–4, respectively. The average improvement in
the fuel economy of the vehicle group is 5.50%.

To explain the better fuel economy for the proposed
method than for the baseline method, the operating points
of the engine are shown in Fig. 5. The figure shows that the
engine operating points are clustered in a higher efficiency
area for the proposed method than for the baseline method.
It is noted that the average CVT efficiency is 0.8032 for the
proposed method and 0.7941 for the baseline method. Mean-
while, the average power request for the vehicle to run with
the velocity profile generated using the proposed method

is 8.01 kW while that in the case of the baseline method
is 8.19 kW. It is thus concluded that (1) a lower average
power request, (2) a higher average engine operating effi-
ciency and (3) a higher average CVT efficiency contribute
to the improvement of the fuel economy of the proposed
method.

Furthermore, we study the scenario that the MPC cost
functions of the proposed method and baseline method are
not normalized and time-varying weight factors are used.
The new weight factors for this scenario are ω1 �10+
100×exp(0.05v_range), ω2 �200×exp(−0.1(sj–si)/(vi–vj
+0.001)–th),ω3 �10+500×exp (−0.07v_range) andω4 �
2000+1000×exp(0.05v_range), where v_range�vihb–vilb.
Simulation results for this scenario are shown in Fig. 6. From
Fig. 6a–c, it is concluded that with the proposed method and
the time-varying weight factors, a cooperative platoon forms
where the vehicles do not collide or stop at red lights. More-
over, Fig. 6d shows that, although the velocity profile of the
proposed method has behaviors similar to those of the profile
of the baseline method, it is smoother with lower accelera-
tions and decelerations.

The fuel economy results for this scenario are given in
Table 3. Table 4 shows that the fuel economy of the pro-
posed method is better than that of the baseline method for
each individual vehicle, with the average improvement being
3.64%.

In practical applications, there is the possibility of there
being mixed traffic with unconnected vehicles. To validate
the control performance of the proposed method for different
connectivity penetration rates (i.e., the percentages of vehi-
cles that are connected), we further studied heterogeneous
scenarios extended from the first scenario. In these hetero-
geneous scenarios, the connected vehicles have access to
state information (i.e., velocity and position) of the preceding
connected vehicle via V2V communication and SPAT infor-
mation viaV2I communication so thatMPCcan be employed
for the prediction of the optimal velocities. For unconnected
vehicles and connected vehicles with a preceding uncon-
nected vehicle, the state information is no longer available.
In this case, connected cruise control [1, 22] is applied for
the calculation of the velocity profiles. In this paper, five
penetration rates (i.e., 0%, 25%, 50%, 75% and 100%) are
considered for our case study. No vehicle is connected for a
penetration rate of 0%, vehicle 2 is unconnected for a pene-
tration rate of 25%, vehicles 2 and 4 are unconnected for a
penetration rate of 50%, vehicles 2–4 are unconnected for a
penetration rate of 75% and all vehicles are unconnected for
a penetration rate of 100%. The average fuel economies of
the four vehicles are given in Table 4. The table shows that,
comparedwith the result for the baselinemethod, the average
fuel economyof the proposedmethod shows an improvement
of 0.95%, 2.69%, 4.22%, and 5.50% for penetration rates of
25%, 50%, 75%, and 100%, respectively.
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(a)

(b) (d)

(c)

Fig. 6 Simulation results for a non-normalized cost and time-varying weights. a Trajectories of the vehicles, b Relative distances of the vehicles, c
Velocity profiles of the vehicles, d velocity profile for vehicle 4

Table 3 Comparison of fuel economy

Vehicle no. Baseline method
(L/100 km)

Proposed method
(L/100 km)

Improvement
(%)

1 7.2687 7.0337 3.23

2 7.2685 7.0165 3.47

3 7.3149 7.0172 4.07

4 7.2921 7.0171 3.77

Average 7.2861 7.0211 3.64

Table 4 Comparison of the average fuel economies for different pene-
tration rates

Penetration
rate (%)

Baseline method
(L/100 km)

Proposed method
(L/100 km)

Improvement
(%)

0 8.1598 8.1598 0.00

25 7.4537 7.3826 0.95

50 6.9792 6.7914 2.69

75 6.6923 6.4101 4.22

100 6.5866 6.2243 5.50

5 Conclusions and FutureWork

We developed a new decentralized predictive fuel economy
control strategy for a group of connected vehicles to balance
the fuel economy and mobility while guaranteeing the safety
of the vehicles. Simulation results show that:

1. By substituting the approximate fuel consumptionmodel
with the engine-map-based fuel consumption model, the
basic advantages ofMPC based on the concept of vehicle
connectivity can be guaranteed.

2. The fuel economy for each individual vehicle and the
average fuel economy of the vehicle group are better for
the proposed method than for the baseline method under
different scenarios. The average improvement for the sce-
nario with normalized cost and constant weights is 5.5%,
the average improvement for the scenario with none-
normalized cost and time-varying weights is 3.64%, and
the improvements for penetration rates of 25%, 50%,
75% and 100% are 0.95%, 2.69%, 4.22% and 5.5%,
respectively.
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The methodology proposed in this paper may be useful
in considering more accurate engine fuel consumption mod-
els in the MPC framework for the realization of better fuel
economy.

The limitation of this research is that real-world commu-
nication uncertainties (e.g., disturbances, delays and drops
of packets) are not considered. Future work will use vehicle
connectivity for the decision of engine cylinder deactivation
with the aforementioned limitations addressed.
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