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Abstract. This paper aims the implementation of a model based predictive controller
for the reduction of fuel consumption, and consequently to improve driving comfort, by
applying strategies of ecological driving. Through the use of the route gradient information
obtained from digital maps and a GPS module, the predictive controller can compute a
sequence of control inputs to smooth the acceleration levels of the vehicle throughout the
route, which will reduce fuel consumption. This is accomplished by predictions of the future
states of the vehicle based on its dynamics and fuel consumption estimation. A simulation
was performed using a real world map information and compared with a fixed speed drive
cruise controller. The obtained results showed that fuel economy can be achieved by using
the proposed predictive controller in a route with up-down slope.
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1 Introduction

The transportation sector currently corresponds for approximately 25% of world energy
consumption and CO2 emissions, taking into account that much of the energy source
comes from fossil fuels. Therefore, not only their usage increase the concern about the
environmental impact of producing polluting gases, but also raises the cost of oil barrels
[10]. There are many aspects that can affect the energy consumption of a vehicle such as
weather phenomenons, road surface conditions, driver’s behavior, selected driving gear and
physical characteristics of the vehicle [2, 11]. The driving behavior also impacts directly
on the fuel consumption. To address these problems, the strategies used on eco-driving
have recently received great attention.

Eco-driving aims at reducing fuel consumption based on a group of behaviors that can
be adopted by the driver. Driving at an even pace, accelerating and braking smoothly and
using the correct gears for each situation are some of the strategies that can be adopted [1].

Through the new technologies involving autonomous vehicles, it has been possible to
see the decision-making capability shifting from the human driver to the vehicle [4]. This
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way, the processing power existent in autonomous vehicles would allow the implementation
of the strategies used on eco-driving in a more efficient way, since it could analyze the
information obtained from its environment and current states to compute the best action
to be taken. A model-based predictive control (MPC) strategy was chosen to generate the
sequence of control inputs, based on the optimization of future states of the vehicle over
a prediction horizon.

The main purpose of this paper is to increase fuel economy, using road gradient infor-
mation obtained from a digital map, a GPS module, a mathematical model of the vehicle
dynamics and a fuel consumption estimation. Differently from previous works [1,3] where
only a generic vehicle model was used, this paper uses specific vehicle powertrain and fuel
consumption models to achieve a better accuracy in the simulation results with a real
world system. An illustrated concept of the project is shown in Figure 1.

Figure 1: Illustrated concept of the paper.

2 Methods

2.1 Vehicle powertrain model

The powertrain model used in this paper is based on [5] and [9]. These equations use
specific vehicle information that are publicly available. The equation (1) represents the
engine speed ωe any instant t, where v(t) is the vehicle velocity (km/h), ξ0 the current
gear ratio, r the wheel radius (m), i tire slippage (%), ωidle and ωred are the idle and
redline engine speed (rpm), respectively.

ωe(t) = min

(
max

(
1000v(t)ξ0

120πr(1 − i)
, ωidle

)
, ωred

)
(1)
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The engine power at a specific engine speed Pe(ωe) is calculated as

Pe(ωe) = (Pmax/ωp)ωe + (Pmax/ω
2
p)ω

2
e − (Pmax/ω

3
p)ω

3
e , (2)

where Pmax is the maximum engine power (kW) and ωp the engine speed (rpm) at peak
power. The actual power available is obtained by a linear relationship between the per-
centage of throttle fp(t) and the proportion of maximum power. The throttle position
ft(t) ranges between fmin and fmax, which can be assumed to be approximately 10-15%
and 90-100% [9]. Therefore, fp(t) can be calculated as

fp(t) = 0.01(fmax − fmin)−1[(100 − fmin)ft(t) − (100 − fmax)fmin]. (3)

The driveline propulsive force F (t) (N) is given by equation (4), where ηd is the driveline
efficiency, mta the mass on the propulsive axle, µ the coefficient of road adhesion and g
the gravitational acceleration. F (t) must be less than g · mtaµ, which is the maximum
frictional force that can be sustained between the vehicle’s wheels and the road surface.

F (t) = min

[
3600 · ηd

fp(t)Pmax(ωe)

v(t)
, g ·mtaµ

]
(4)

The resulting resistance force acting on the vehicle R(t) (N) is given by equation (5),
where ρ (kg/m3) is the density of air at sea level, CD the drag coefficient, Ch the correction
factor for altitude, Af (m2) the vehicle frontal area, m the vehicle mass (kg) and Cr, c5,
and c6 are rolling resistance coefficients associated with road parameters.

R(t) = (ρ/25.92)CDChAfv(t)2 + g · (m/1000)Cr[c5v(t) + c6] + g ·m sin(θ(x)) (5)

The gradient angle θ(x) (rad) related to the road altitude Ralt (m) obtained from the
digital map data and the current position of the vehicle x (m) is given by

θ(x) = tan−1
(
Ralt(x+ ∆x) −Ralt(x− ∆x)

2∆x

)
. (6)

The state vector of the system is defined as ζ = [x(t) v(t)]T and the control input as
u = [ft(t)]. Therefore, the state equation can be defined as f(ζ, u) = [v(t) a(t)]T , where
the acceleration a(t) (m/s2) is calculated as

a(t) =
F (t) −R(t)

m(1.04 + 0.0025ξ0(t)2)
(7)

2.2 Fuel consumption model

The fuel consumption model FC(t) (liters) used in this work is the VT-CPFM-2,
developed by the Virginia Tech Transportation Institute [8]. Detailed information on the
equations used to obtain the vehicle specific model parameters can be found in [7,8]. The
main advantage of this model is that its calibration can be done by using publicly available
data of the vehicle.

FC(t) = β0ωe(t) + β1P (t) + β1P (t)2 (8)
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2.3 Nonlinear predictive controller

The C/GMRES method [6] is used to generate the sequence of optimal control input
based on a performance index, for a prediction horizon T discretized into N steps of size k,
from a virtual time t′ = nk to t′ = nk+T . It does not require much computational power
since it does not use iterative searches, which allows its implementation in real time.

The cost function L used in the performance index is

L = w1 · FC(t) + w2 ·
[

1

2
(a(t) + g sin(θ(x)))2

]
+ w3 ·

[
1

2
(v(t) − vd)

2

]
, (9)

where vd is the desired constant velocity for segments without up-down slope. The cost
function L is divided in three terms, weighted by the constants wi. The first term defines
the cost of the fuel consumption rate of the vehicle at any instant t. The second part
of corresponds to the acting forces on the vehicle, such as acceleration and gravitational
force due to the road slope. This term is important to help maintain the magnitude of
acceleration and braking inputs as minimum as possible when varying the road elevation.
The last part is used to maintain the vehicle at a desired velocity.

The optimal control input can be obtained using the Hamiltonian function shown in
equation (10), composed of the state equation f(ζ, u), the cost function L, the costates λ
and µ, the Lagrange multiplier associated with a constraint C.

H(x, λ, u, µ) = L(x, u) + λT f(ζ, u) + µTC(x, u). (10)

The discretized conditions for optimality are:

ζ∗i+1(t) = ζ∗i (t) + f(ζ∗i (t), u∗i (t), p(t+ i∆τ))∆τ, ζ∗0 (t) = ζ(t), (11)

λ∗i (t) = λ∗i+1(t) +HT
ζ (ζ∗i (t), λ∗i+1(t), u

∗
i (t), µ

∗
i (t), , p(t+ i∆τ)) (12)

HT
u (ζ∗i (t), λ∗i+1(t), u

∗
i (t), µ

∗
i (t), , p(t+ i∆τ)) = 0 (13)

C(ζ∗i (t), u∗i (t), µ
∗
i (t), , p(t+ i∆τ)) = 0, (14)

where p(t) represents time-varying parameters.

3 Results

A simulation of the proposed eco-cruise control (E-CC) controller was performed by
comparing its results with a fixed speed drive controller (FS-CC) [1], which maintain the
vehicle with a desired velocity for the entire route. It is assumed that the vehicle starts at
80 km/h and only uses the fifth gear, since it is already at a high speed. The algorithms
were evaluated on a 32 km virtual road scenario, with its elevation profile presented in
Figure 2. Only the longitudinal forces acting on the vehicle were considered during the
simulation. The parameters used for calibration of the models used and for the MPC
controller are shown in Table 1

Figure 2 shows the simulation results, where the blue line represents the predictive
eco-cruise controller and the red line the fixed speed drive. A detailed comparison of the
obtained results is presented in Table 2.
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Table 1: Simulation parameters.

Description Parameter Value

Prediction horizon T 10 s

Step size k 0.1 s

Vehicle mass m 1206 kg

Frontal area of the vehicle Af 2.32 m2

Wheel radius r 0.381 m

Driveline efficiency η 0.94

Maximum vehicle power Pmax 95.6 kW

Engine speed at Pmax ωp 5250 rpm

Engine speed at Tmax ωt 4500 rpm

Engine speed at idle ωidle 850 rpm

Cost function weights
w1 1000
w2 50
w3 0.80

Fuel consumption model constants
β1 1.791 × 10−7

β1 8.284 × 10−5

β2 1 × 10−6

Fifth gear ratio ξ0 0.909

Desired constant velocity vd 80 km/h

Table 2: Detailed comparison of simulation results for the E-CC and FS-CC controllers.

Description E-CC FS-CC

Road length 32 km

Total fuel consumption 1.21 liters 1.33 liters

Average fuel consumption 26.40 km/L 24.00 km/L

Time to finish route 24.62 min 23.96 min

Economy of E-CC 9.12%

4 Discussion and Conclusion

The proposed predictive eco-cruise and a fixed speed drive controllers were simulated
and compared on a 32 km route, assuming that only the longitudinal forces acting on
the vehicle were present. The control input assumes that whenever a negative input is
calculated, the brake pedal is used instead of the accelerator.

The results showed that the E-CC controller could achieve 9.12% of fuel economy in
comparison with the FS-CC, which was possible by reducing the amplitude of acceleration
and braking levels during up-down slope sections. Based on the elevation data obtained
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Figure 2: Results obtained for the E-CC and FS-CC controllers in the simulation.

from the digital map of the route and the vehicle position from the GPS module, the
E-CC controller increases the velocity of the vehicle before entering an uphill section,
which reduces the acceleration effort during the ascension. At downhill sections, the E-
CC uses the gravitational force acting on the vehicle to gain velocity without requiring
to the vehicle engine power. Consequently, the driver comfort is increased, since it is
directly related with the acceleration amplitude. The predictive controller computes the
control input through optimizations of the future states of the vehicle, based on a specific
powertrain and fuel consumption models. The time required for both controllers to finish
the route was also similar, approximately 40 seconds longer for the E-CC, which proves
that fuel economy can be achieved without great impact on the travel duration.

Future works include considering the lateral forces acting on the vehicle and the im-
plementation of the proposed predictive eco-cruise controller in an autonomous vehicle.
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