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Model Predictive Multi-Objective Vehicular Adaptive
Cruise Control

Shengbo Li, Keqiang Li, Rajesh Rajamani, and Jianqiang Wang

Abstract—This paper presents a novel vehicular adaptive cruise
control (ACC) system that can comprehensively address issues of
tracking capability, fuel economy and driver desired response.
A hierarchical control architecture is utilized in which a lower
controller compensates for nonlinear vehicle dynamics and en-
ables tracking of desired acceleration. The upper controller is
synthesized under the framework of model predictive control
(MPC) theory. A quadratic cost function is developed that con-
siders the contradictions between minimal tracking error, low fuel
consumption and accordance with driver dynamic car-following
characteristics while driver longitudinal ride comfort, driver
permissible tracking range and rear-end safety are formulated
as linear constraints. Employing a constraint softening method
to avoid computing infeasibility, an optimal control law is nu-
merically calculated using a quadratic programming algorithm.
Detailed simulations with a heavy duty truck show that the
developed ACC system provides significant benefits in terms of
fuel economy and tracking capability while at the same time also
satisfying driver desired car following characteristics.

Index Terms—Adaptive cruise control (ACC), driver character-
istics, fuel economy, model predictive control (MPC), tracking ca-
pability.

I. INTRODUCTION

A DAPTIVE cruise control (ACC) is an enhancement of
the traditional cruise control (CC) system that improves

driver convenience, reduces driver workload and has the poten-
tial to improve vehicle safety. Current ACC systems that have
been commercialized by automotive manufacturers focus en-
tirely on the tasks of tracking a desired spacing from a pre-
ceding vehicle or tracking a desired speed. Researchers have re-
cently started to explore the introduction of additional objectives
into an ACC, e.g., fuel economy and driver desired response.
Tsugawa [1] and Ioannou [2], [3] suggested the use of ITS tech-
nologies, including adaptive cruise control, to reduce fuel con-
sumption of vehicles. Marsden et al. [4] considered issues of
driver desired response and indicated the necessity to adapt to
drivers’ individual driving characteristics. While it would be
beneficial to have an ACC that simultaneously considers issues
of spacing control, fuel economy, and adaptability to individual
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driver characteristics, the design of the control system becomes
a significant challenge when there are multiple objectives in-
volved.

A review of current literature shows that an ACC that con-
siders many objectives has not yet been developed. For CC sys-
tems with a given route, Latterman et al. [5] proposed an op-
timal control algorithm that minimizes the fuel consumption
globally. Ioannou et al. [2], [3] pointed out that the smoothing
feature of ACC vehicles could improve fuel efficiency of mixed
traffic flow, including that of the ACC vehicle itself. Their re-
search further disclosed that the effect was more obvious under
conditions of large acceleration, lane changing and cut-in/off.
On its basis, Zhang et al. [6] developed a nonlinear filter-based
PI controller, which restricted acceleration levels to fulfill fuel-
saving requirements. Similarly, Jonsson et al. [7] proposed a dy-
namic programming based offline control method. It reduced
the fuel consumption while allowing more tracking error. With
respect to driver desired response, ACC is usually designed to
accord with three kinds of driver features: driver desired dis-
tance characteristic, driver longitudinal ride comfort and driver
dynamic car-following characteristic. The first feature is nor-
mally embodied by integrating a driver desired clearance (DDC)
model into the car-following system [5]–[13]. For the second
feature, the vehicle acceleration and its derivative are typically
restrained in order to avoid large acceleration and jerk [8], [9].
For the third feature, a common method is to integrate directly
or indirectly a driver car-following (DCF) model into the ACC
controller. For instance, Persson et al. [10] combined a linear
DCF model and a PI method together to develop an upper layer
controller for ACC. Using a second order inertial system as a
reference model, Higashimata et al. [11] designed an ACC al-
gorithm based on a model matching control structure to improve
driver desired response in dynamic car-following scenarios.

However, the mentioned objectives such as tracking capa-
bility, fuel economy, and driver desired response usually con-
flict with each other. It is inadequate to design an ACC al-
gorithm simply considering only one of them. The improve-
ment of fuel consumption usually decreases the acceleration
performance and lowers the tracking capability. This will lead
to two problems consequently: 1) when the preceding car accel-
erates, larger inter-vehicular distance occurs due to the deficient
acceleration performance, resulting in frequent vehicle cut-ins
from adjacent lanes; 2) when the preceding vehicle decelerates,
inter-vehicular distance shortens quickly and rear-end collisions
happen more easily. On the contrary, if an ACC system pur-
sues good tracking capability only, it leads to unnecessary ac-
celeration and emergency braking, which also deteriorates the
fuel economy of vehicles to an extent. Similarly, when drivers
cannot adapt themselves to their ACC system, frequent driver
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intervention inevitably occurs. This action not only affects the
improvement of tracking capability, but also deprives ACC of
its benefit of reducing driver workload and enhancing vehicle
safety. Therefore, it is necessary to comprehensively deal with
all the three objectives simultaneously in one framework.

The design of an ACC system with multiple objectives can
be naturally cast into a model predictive control (MPC) frame-
work. MPC has already proved its merit in ACC design in litera-
ture, in spite of its considerable computational burden. However,
the use of MPC has only been done to improve system perfor-
mance in terms of tracking capability and to ensure proper tran-
sitions between different modes of operation. To ensure safety
and good tracking capability, Corona et al. [12], [13] applied a
Hybrid MPC approach to vehicular-following control. Kohut et
al. [14] designed a predictive control strategy that optimizes the
engine torque to tradeoff fuel consumption and trip time while
keeping the vehicle within a specified speed envelope. For tran-
sitional maneuver modes, Bageshwar et al. [15] presented an
MPC-based headway control algorithm with acceleration limi-
tations incorporated explicitly to meet the requirements of ride
comfort and safety.

Unlike the previous publications, the present paper focuses
on the use of MPC to achieve multiple objectives during the ve-
hicle-following mode in ACC. The multiple objectives sought
to be achieved are desired driver response, minimal fuel con-
sumption and minimization of car following error. In addition,
hard and soft constraints that ensure vehicle safety and take ac-
tuator limits and ride quality into consideration are included in
the problem formulation. This paper is organized as follows. In
Section II, the lower layer controller is discussed under a hierar-
chical control structure and a three-state space model of the car-
following system is built. In Section III, based on the framework
of MPC, a predictive optimization problem is constructed con-
sidering tracking capability, fuel economy and driver desired re-
sponse. In Section IV, a constraint softening method is adopted
to address computing infeasibility issues and the optimal control
law of MO-ACC is numerically solved. In Section IV, its suc-
cess is demonstrated with a nonlinear high-order longitudinal
model of a heavy duty (H/D) truck.

II. MODELING OF CAR-FOLLOWING SYSTEM

A. Nonlinearity Compensation of Vehicle Longitudinal
Dynamics

The longitudinal dynamics of a vehicle are nonlinear. Its
salient features include the static nonlinearity of engine torque
maps, time varying gear position and aerodynamic drag force
as a quadratic function of vehicle speed [16]. As in many
other longitudinal vehicle control applications, we utilize a
hierarchical controller consisting of a lower level controller and
an upper level controller, as shown in Fig. 1.

The lower level controller determines the acceleration pedal
position and brake pressure inputs so as to ensure
that the desired acceleration is tracked by the actual ac-
celeration while the upper level controller determines the de-
sired longitudinal acceleration according to inter-vehicle states
and vehicle states. In Fig. 1, vehicle states, including engine

Fig. 1. Hierarchical control architecture.

speed , gear ratio , vehicle speed , and vehicle accelera-
tion , are measured by on-board sensors. Inter-vehicle states,
including distance and speed error , are measured by radar
equipped in the front of the ACC vehicle’s engine cabin.

When synthesizing the lower level controller, one of the chal-
lenges is the presence of several nonlinearities coming from en-
gine, transmission, and aerodynamic drag. To compensate them,
we use the inverse dynamics control design method, as in [9]. A
switching logic with a hysteresis boundary is adopted to avoid
simultaneous actions from the drive train and braking system.
Obviously, the lower layer controller which provides acceler-
ation tracking and the truck together yield a new plant with
its input and its output , herein called generalized ve-
hicle longitudinal dynamic (GVLD) system. Its input/output dy-
namics is described by a first-order system

(1)

where is the system gain and is the time constant.
Adopting a frequency response method introduced in [17],
the parameters for the truck are identified as and

. When synthesizing the upper layer controller, it
is assumed that the GVLD system is working effectively such
that the dynamics of (1) is satisfied. This implies that the uncer-
tainties caused by unmodeled power train dynamics, errors of
vehicle parameters and external disturbances, e.g., road slope,
are neglected during control design. However, while (1) is used
as the assumption for designing the upper level controller, the
actual simulations to be presented later in this paper use a
high-order nonlinear longitudinal vehicle model that includes
vehicle inertial and power train dynamics.

B. Three-State Space Model for Car-Following System

For the purpose of synthesizing the upper layer controller,
we build the model of car-following system by integrating the
GVLD system and an inter-vehicular longitudinal dynamics
system. Fig. 2 shows its sketch.

With respect to inter-vehicular longitudinal dynamics, two
state variables are defined: clearance error and
speed error . The symbol denotes the preceding
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Fig. 2. Sketch of car-following system.

vehicle’s speed and donates driver desired inter-vehicle dis-
tance. The is typically calculated by a driver desired clear-
ance (DDC) model. Here, we employ the constant time headway
spacing policy [9] to describe it

(2)

where 2.5 s is nominal time headway, 5 m is the stop-
ping distance for typical truck drivers. Note that the time-gap
of 2.5 s is larger for truck drivers than for typical pas-
senger car drivers. Considering inter-vehicular dynamics and (1)
together, a three-state space model for car-following system is
formulated as

(3)

where is the preceding vehicle’s acceleration, repre-
sents the control input, represents the measurable dis-
turbance and represents the system state. Considering
the fact that an MPC algorithm is usually designed and imple-
mented in the discrete-time domain, the continuous-time (3) is
converted into a discrete-time model by zero-order hold (ZOH)
discretization, yielding

(4)

where represent the th sampling point, , , and are
system matrices, mathematically expressed as

(5)

where 100 ms is sampling time. For a typical ACC vehicle
equipped with both radar and accelerometer, all of the states in
(4) are measurable, giving the output equation

(6)

where is an identity matrix and is the measurement
of system state.

III. CONSTRUCTION OF PREDICTIVVE OPTIMIZATION PROBLEM

Tracking capability, fuel economy, driver desired response,
safety and environmental issues, as well as limitations from ve-
hicles and traffic flow—all of these shape the behavior of an
ACC system. In MO-ACC, great emphasis is given to the former
three terms, namely, necessary tracking capability, high fuel
economy and good driver desired response.

For the purpose of quantifying them, we refine the definition
of the three objectives. The first objective is divided into the
following three parts:
(A1) when the preceding vehicle is at steady state, the

tracking errors should converge to small values;
(A2) when the preceding vehicle accelerates, the inter-vehicle

states should satisfy a driver permissible tracking range
as much as possible to avoid frequent preceding vehi-
cles’ cut-in from adjacent lanes;

(A3) when the preceding vehicle decelerates, rear-end colli-
sion must be avoided.

The second objective is to (B1) reduce the fuel consumption
when ACC is activated. With respect to the third objective, the
following three kinds of driver characteristics should be satis-
fied:
(C1) driver desired distance characteristic;
(C2) driver longitudinal ride comfort;
(C3) driver desired dynamic car-following characteristic.
In those sub-objectives, sub-objective (C1) has been realized

in the form of DDC model in (3). The others are collected into
two groups in order to quantify them under the MPC frame-
work. The sub-objectives (A1) (B1) and (C3) are quantified to
be 2-norm cost functions and (A2), (A3), (C2) are formulated
as linear constraints. They together yield a tractable model pre-
dictive optimization problem.

It should be noted that although tracking capability is
somewhat sacrificed in the MO-ACC in order to achieve fuel
economy, satisfaction of the three sub-objectives A1, A2,
and A3 described above ensures the safety of the vehicle and
driver-acceptable tracking performance.

A. Cost Function Design in Predictive Optimization Problem

The tracking capability is usually specified in terms of speed
error and distance error. In order to quantitatively describe (A1),
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a 1-norm function of tracking errors is adopted as the cost func-
tion of MPC in [12] and a 2-norm function is used in [15]. The
former gives equal consideration to the tracking errors of dif-
ferent degrees while the latter tends to penalize larger errors
and neglect smaller ones. Actually, in a car-following process,
a driver only responds to large enough tracking errors and isn’t
sensitive to tiny ones. This means the driver maintains a con-
stant pedal position when the tracking errors are in the range
of specific thresholds. This feature is called Action Point [18].
Only when the errors exceed the Action Point, the driver will
then adjust throttle pedal or brake pedal to bring tracking errors
back into the range of Action Point. This helps reduce fuel con-
sumption, since the driver doesn’t frequently accelerate or de-
celerate under small-tracking errors. Therefore, from the view-
point of the driver, it is more reasonable to employ the 2-norm
of tracking errors to quantify (A1)

(7)

where and are the corresponding weighting coeffi-
cients.

A direct method to quantify the sub-objective (B2) is to in-
clude the fuel injection amount of engine as a variable in the
cost function. However, this has a nonlinear relationship with
the system states in (3). Such a cost function will definitely lead
to a nonlinear programming problem in MPC. Its large com-
puting complexity makes its difficult to be solved in a sampling
time less than 100 ms. As mentioned in [1] and [6], fuel
consumption is mainly dominated by vehicle acceleration levels
if neglecting extremes in engine operational area. In a car-fol-
lowing process with same mileage and average travel speed, fuel
consumption of a vehicle increases as the absolute of its accel-
eration increases. Regarding the fuel economy of vehicles, the
penalty for vehicle acceleration has a similar effect as that of
a penalty directly on the fuel consumption, but resulting in a
QP rather than a nonlinear program. Here, considering that the
input and output of GVLD system are similar to each other, the
sub-objective (B2) is defined as a 2-norm function of desired
longitudinal acceleration and its derivative instead of actual lon-
gitudinal acceleration and jerk

(8)

where is the weighting coefficient of is that of
. In (8), the second term in the right-hand side can not

only restrain frequent variation of engine speed by reducing the
longitudinal jerk, but also helps to improve longitudinal ride
comfort of passengers.

In the car-following process during a transient maneuver, the
tracking errors are not zero. The driver normally manipulates
the acceleration pedal or brake pedal to make the vehicle track
the driver’s desired reference trajectory. Here, the trajectory is
calculated by a DCF model. The tracking errors between system
output and reference trajectory is minimized to embody the sub-
objective (C3). Therefore, its quantification is a 2-norm of the
error between actual acceleration and reference acceleration

(9)

where is the weighting coefficient and is the reference
acceleration calculated by a linear DCF model

(10)

where and are parameters for typ-
ical H/D truck drivers. The experimental data used to analyze
driver behavior was obtained from both city road and high way
in Kanagawa, Japan. Three professional truck drivers were in-
volved, with 4 h of data recorded per driver. The model param-
eters are identified using a gradient search method. The funda-
mental idea is to search for the optimal parameters, which can
minimize a quadratic cost function of errors between outputs of
DCF model and driver experiment data in terms of longitudinal
acceleration, relative speed and distance error. The detailed al-
gorithm is described in [19]. In order to verify the precision of
the linear DCF model (10), one section of experimental data
is presented to compare acceleration, speed and distance be-
tween model and experiment. The figures for the comparison
are shown in Fig. 3(a)–(c).

B. I/O Constraints in MPC Optimization Problem

For the ride comfort issue in ACC, paper [8] provides a cri-
terion: 1) the vehicle acceleration is constrained; 2) the abso-
lute value of jerk should be as small as possible. Here, we re-
strict both the acceleration and jerk to improve driver’s longitu-
dinal ride comfort. Considering that both the input and output of
GVLD system are related to acceleration, we use the following
linear equalities for sub-objective (C2):

(11)

where are chosen as 1.5 m/s and 0.6 m/s . The
absolute of being bigger than that of can accom-
modate larger braking degree to prevent rear-end collision. Sim-
ilarly, the absolute of 1 m/s is selected to be bigger
than that of 0.1 m/s . Note that these values provide
for a change in acceleration of 1 m/s in 10 s while allowing for
a 10 times faster change in deceleration during braking.

When the preceding car runs uniformly, the minimization
of (7) can guarantee convergent tracking errors. However, in
MO-ACC with its priority on good fuel economy, the weighting
coefficients of tracking errors are usually relatively small,
leading to low tracking performance. A consequent problem
is that when the preceding vehicle accelerates or decelerates,
larger or smaller inter-vehicle distance may occur easily.
Frequent cut-ins from adjacent lanes and driver’s intervention
on ACC may be induced due to larger inter-vehicle distance
and unacceptable shorter inter-vehicle distances. In order to
avoid the issue, a driver permissible tracking range criterion is
employed to restrain and inside specific ranges. The
inequalities for sub-objective (A2) are

(12)
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Fig. 3. Comparison of experiment data and DCF model. (a) Acceleration. (b)
Vehicle speed. (c) Distance.

where 5 m is the lower boundary of 6
m is the upper boundary of 1.0 m/s is the lower
boundary of and 0.9 m/s is the upper boundary
of . These values are again obtained from the driver ex-
perimental data described in Section III-A. The identification
method is as follows.

The and data points in driver experiments in car-fol-
lowing conditions are accumulated, obtaining their accumulated
distribution figures of and , as shown in Fig. 4. Two
solid lines in each figure, mathematically expressed as unilat-
eral frequency 25%, are shown to reflect driver acceptable upper
and lower boundaries. The distance and speed error values lo-
cated inside these boundaries are identified as driver permissible
tracking error range.

The last sub-objective (A3) in MO-ACC is to avoid rear-end
collisions, whenever physically possible. This translates into

Fig. 4. Identification of driver permissible tracking range. (a) Accumulative
frequency of speed error. (b) Accumulative frequency of distance error.

keeping a positive inter-vehicle distance. In [12], a minimum
safety distance strategy is adopted to maintain car-following
safety by forcing inter-vehicle distance to be larger than a con-
stant value . Actually, safety distance is not constant, but re-
lated to vehicle speed. An example is when the preceding ve-
hicle’s speed is much smaller than that of the following one, an
inter-vehicular distance larger than can be still dangerous.
In [20], a time-to-collision (TTC) strategy is used to describe
the relationship between safety distance and speed error in de-
signing a forward collision warning system. Integrating the TTC
strategy and the minimum safe distance strategy, we specify an
inequality for rear-end safety as

(13)

where is safe distance, 3 s is TTC value, 5
m is minimum safe distance.

C. Model Predictive Optimization Problem for MO-ACC

In order to obtain a tractable predictive optimization problem,
the three cost functions (7), (8) and (9) are combined together by
employing a linear weighting method introduced in [21]. Then,
discretizing the combined cost function with sampling time
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and resettling in finite predictive horizon , it yields the cost
function to be optimized

(14)

where is the control increment, is
the length of predictive horizon, denotes the predicted
value at time based on the information at time is
weighting matrix of system output, is that of control input,

is that of control increment, is a transforming matrix
related to the DCF model. They are expressed as

(15)

In order to obtain the I/O constraints for the predictive opti-
mization problem, we rewrite the inequalities related to the con-
trol input and its increment in the predictive horizon

(16)

where is the lower boundary of
is the upper boundary of is the

lower boundary of is the upper
boundary of . Similarly, we rewrite the inequalities related
to the system output

(17)

where is the lower boundary
of is the upper boundary
of . Integrating (2) and the definitions of , the inequality
for rear-end safety can be rewritten as

(18)

where , and are the coefficients, mathematically
expressed as

(19)

The problem statement for the upper layer control algorithm
of MO-ACC is to minimize the cost function (14) subject to the
I/O constraints (16)–(18), and the model of the car-following
system (4) and (6)

Subj. to:

I/O constraints: (16), (17), and (18).

Model of car-following

system: (4) and (6). (20)

IV. RECEDING HORIZON CONTROL OF MO-ACC

A. Addressing Computing Infeasibility in MO-ACC Algorithm

A key issue with the MO-ACC algorithm is the computing
infeasibility of the predictive optimization problem. One of
the representative causes is that the tracking errors exceed
the boundaries of hard constraints because of rapid accelera-
tion/deceleration of the preceding vehicle. In such a situation,
the problem (20) may have no optimal solution because the
hard constraints in (16) and (17) are never satisfied. In order to
solve it, we improve the problem (20) by employing a constraint
softening method whose fundamental idea is to relax the I/O
constraints so that they can be violated [22].

First, define a new cost function with an additional quadratic
term of a slack variable

(21)

where is called the slack variable and is its weighting coef-
ficient. Then, the I/O constraints (16) and (17) are correspond-
ingly transformed into softened constraints with a slack variable

(22)

where are called equal concerns for relaxation
(ECR) of are ECRs of are ECR
of . Therefore, we have a predictive optimization problem
modified by constraint softening method

Subj. to:

I/O constraints:

Softening constraint (22)

and rear-end safety constraint (18).

Model of car-following

system: (4) and (6). (23)
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TABLE I
PARAMETERS OF MO-ACC CONTROLLER

In MO-ACC, when the hard boundaries of , or are ex-
ceeded, the slack variable will automatically become a positive
value to allow violation of hard constraints, thus avoiding the
potential computing infeasibility. Moreover, the violation de-
gree is penalized by the quadratic term of in the cost function.
It guarantees that preferable control optimality of MPC algo-
rithm is still maintained. When the hard boundaries of , or

are not exceeded, the hard constraints will not be violated
and slack variable becomes zero. The optimization problem (23)
degenerates into its standard form (20).

Additionally, the constraint from rear-end safety is not
softened because rear-end collision is not allowable. Moreover,
since constraints on and are capable of being violated,
MO-ACC can increase and consequently strengthen the
braking input when rear-end safety constraint is being ex-
ceeded. This helps avoid rear-end collisions as far as physically
possible.

B. Numerical Computation of MO-ACC Control Law

The optimization problem (23) is transformed to a standard
quadratic programming (QP) problem, and then solved by a
Dantzig–Wolfe active set algorithm in each sampling time, thus
obtaining the optimal control sequence and
the optimal slack variable . See [22] for detailed procedures.
Considering the relationship between the input increment and
the control input, we have the control law of MO-ACC as

(24)

Note: When solving the problem (23), the acceleration of pre-
ceding vehicle in predictive horizon must be known. Here, it is
actually a recursion of at current step. Descriptions of
how the can be estimated using a Kalman filter can be
found in [23].

Key parameters in the MO-ACC algorithm are listed in
Table I.

V. SIMULATIONS AND ANALYSIS

The goal of the following simulations is to evaluate the perfor-
mance of the MO-ACC algorithm. These simulations are carried
out with a nonlinear high-order H/D truck longitudinal model,
whose schematic diagram is shown in Fig. 5. In Fig. 5, is
the fuel injection amount per cylinder in each stoke, is the
engine torque, is the gear position, is the clutch torque
output, is the output speed of clutch, is the driving force

Fig. 5. Longitudinal dynamics of H/D truck.

acting on tyres, is the braking force acting on tyres, is
the aerodynamic drag, is the rolling resistance, and is the
climbing resistance.

Here, the diesel engine is divided into engine ECU and engine
body. The ECU is expressed as a complex lookup table with its
inputs being and , etc. The engine body is mainly
described by a nonlinear function with it arguments as and

and its dynamics due to intake and combustion process is
approximated by a first-order inertial system. It is assumed that
the clutch has two modes: engagement and disengagement, of
which the former is modeled as a second-order inertial system.
The mechanical characteristics of AMT, final gear and the dif-
ferential are all assumed as static functions. Pneumatic brake
system is simplified to be a first order system with pure time
delay. In the following simulation, it is assumed that both the
retarder and engine brake are off. Vehicle body is described by
a power balance equation between its traction/braking force and
external resistance such as aerodynamic drag, rolling resistance,
and climbing force.

For comparison of performance, a LQR-based ACC algo-
rithm (LQACC) is also designed based on the same control plant
(4). Like the ride comfort consideration in MO-ACC, its con-
trol law is also restrained by longitudinal ride comfort criterion.
The weighting matrices of its cost function are identical to that
of MO-ACC, that is and .
The LQACC control law is

otherwise (25)

where is the control gain calculated by the LQR method. In
order to demonstrate the special performance of MO-ACC al-
gorithm, the simulation is tested under four kinds of traffic sce-
narios: Preceding car’s rapid accelerating scenario, preceding
car’s emergency braking scenario, preceding car’s normal ac-
celerating scenario, and city road/highway driving cycles. The
MO-ACC algorithm will be regarded successful if its applica-
tion can improve both fuel economy and tracking capability
while also meeting driver desired response and avoiding colli-
sions.

A. Preceding Car’s Rapid Acceleration Scenario

In the preceding car’s rapid acceleration scenario, it is as-
sumed that the ACC truck and preceding car run at the same
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Fig. 6. Desired acceleration.

Fig. 7. Speed error.

Fig. 8. Distance error.

initial speed. At 5 s, the preceding car accelerates at 0.8 m/s
from 10 to 15 m/s. The ACC truck is controlled to follow it by
using the MO-ACC and LQACC algorithms, respectively. The
results are shown in Figs. 6–11.

It is found from Fig. 6 that the desired acceleration under
MO-ACC is between and , satisfying the driver
longitudinal ride comfort. From Figs. 7 and 8, it can be seen
that even though the tracking errors exceed driver permissible
range, MO-ACC avoids the computing infeasibility due to the
introduction of slack variable into the hard constraints. When
actual tracking errors exceed the boundaries of output con-
straints, the MO-ACC algorithm automatically increases to
satisfy the boundary of inequality, shown as Fig. 9. Compared
with LQACC, the time that the acceleration pedal input is large
is shorter under MO-ACC, leading to lower acceleration levels.
Moreover, due to the introduction of driver permissible tracking

Fig. 9. Slack variable �.

Fig. 10. Acceleration pedal.

range into I/O constraints, the tracking errors exceeding its
boundaries are limited. As shown from Fig. 7, the maximum
of under MO-ACC is smaller than that under LQACC. So,
both better fuel economy and better tracking capability can be
foreseen in MO-ACC. When the tracking errors enter driver
permissible range, becomes zero, giving no relaxation to the
hard constraints. After the preceding car goes back to uniform
speed, the MO-ACC can manipulate and into zero
which indicates it is locally stable.

B. Preceding Car’s Emergency Braking Scenario

In preceding car’s emergency braking scenario, the preceding
car decelerates at the acceleration of 2.5 m/s from 15 to 1
m/s. The ACC truck is controlled to follow it by the MO-ACC
and LQACC algorithms, respectively. The results are shown in
Figs. 12 and 13.

From Figs. 12 and 13, it is found that due to the constraints
coming from driver longitudinal ride comfort, the LQACC
cannot provide enough braking force. The inter-vehicular
distance reaches the safety boundary. And a rear end collision
is possible if the preceding vehicle brakes more urgently. In
contrast, as shown in Fig. 14, the MO-ACC can automatically
increase the slack variable to strengthen the braking input
when the actual distance approaches the safety boundary. It
effectively reduces the possibility of rear-end collision.

C. Preceding Vehicle’s Normal Acceleration Scenario

In the preceding vehicle’s normal acceleration scenario, it is
assumed that the ACC truck runs at the speed of 10 m/s with a
preceding car ahead of it. At 5 s, the preceding car accelerates
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Fig. 11. Engine speed.

Fig. 12. Desired acceleration.

Fig. 13. Inter-vehicle distance.

at 0.3 m/s from 10 to 15 m/s. Different from Sections V-A and
V-B, the ACC truck is controlled by MO-ACC with DCF model
and MO-ACC without DCF model in order to demonstrate the
effectiveness of integrating the driver car-following model (10)
into MO-ACC. Figs. 15 and 16 show the phase plot of
and , respectively, in which the triangle point is the starting
point and the circle point is the stopping point.

In Figs. 15 and 16, the reference trajectory, shown as dotted-
dashed line, is calculated from the DCF model, representing
driver desired response for the car-following process. Compared
with MO-ACC without DCF model, it is found that phase trajec-
tory under MO-ACC is closer to reference trajectory, meaning

Fig. 14. Slack variable �.

Fig. 15. Phase plot of distance versus speed error.

Fig. 16. Phase plot of distance versus vehicle speed.

MO-ACC accords with dynamic car-following characteristics
more. It means that the integration of DCF model is helpful in
enabling driver desired dynamic car-following characteristics in
the ACC algorithm.

D. City Road and Highway Driving Cycles

In order to verify the control performance comprehensively,
driving cycles for city road and highway are adopted here. Their
speed profiles are illustrated by the solid line and the dashed
line in Fig. 17, respectively. Similar to Sections V-A and V-B,
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Fig. 17. City road and highway driving cycles.

Fig. 18. Comparison in tracking capability.

the ACC truck is controlled to follow it by the MO-ACC and
LQACC algorithms, respectively.

To comprehensively reflect tracking capability, define
tracking error index (TEI) composed of both speed error and
distance error as

(26)

where is length of driving cycle, is weighting coeffi-
cient, reflecting different emphasis on and . Here,
is selected as 10. The TEI values under city road and high way
driving cycles are shown in Fig. 18. Its corresponding average
fuel consumption per hundred kilometers (FCHM) is shown
in Fig. 19. It is found that compared with the LQACC, both
tracking capability and fuel consumption in the MO-ACC are
improved. In the city road driving cycle, the TEI value is re-
duced by 14.8% while the FCHM value decreases by 5.9%. In
the highway driving cycle, they are reduced by 11.5% and 2.2%,
respectively.

VI. CONCLUSION

In this paper, model predictive control theory was employed
to synthesize a MO-ACC algorithm in order to satisfy such
control objectives as effective tracking capability, high fuel
economy, driver desired response and collision avoidance
simultaneously. The following is concluded.

1) Due to input constraints in MO-ACC, the vehicle accelera-
tion can be limited to a specific range, thus ensuring driver
longitudinal ride comfort and improving fuel economy.

Fig. 19. Comparison in fuel economy.

2) The introduction of driver permissible tracking range helps
to avoid cut-ins from other cars or unnecessary driver in-
tervention due to uncomfortably larger or smaller inter-ve-
hicle distances.

3) A constraint softening method avoids the computing in-
feasibility caused by hard I/O constraints. Together with
output constraints resulting from rear-end safety consider-
ations, this can strengthen the braking input when the ac-
tual inter-vehicle distance approaches the safety boundary,
reducing the possibility of rear-end collision.

4) The integration of driver car-following model into the opti-
mization problem enables driver desired dynamic car-fol-
lowing characteristics.

5) It has been clearly demonstrated that the MO-ACC con-
troller can reduce fuel consumption of the ACC vehicle
while not sacrificing the tracking or safety performance
compared with the LQACC controller.
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