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An Add-on Model Predictive Control Strategy for
the Energy Management of Hybrid Electric Tractors

Stefano Radrizzani, Giulio Panzani, Luca Trezza, Solomon Pizzocaro, Sergio M. Savaresi

Abstract—The hybridization process has recently touched also
the world of agricultural vehicles. Within this context, we develop
an Energy Management Strategy (EMS) aiming at optimizing
fuel consumption, while maintaining the battery state of charge.
A typical feature of agricultural machines is that their internal
combustion engine is speed controlled, tracking the reference
requested by the driver. In view of avoiding any modification on
this original control loop, an add-on EMS strategy is proposed. In
particular, we employ a multi-objective Model Predictive Control
(MPC), taking into account the fuel consumption minimization
and the speed tracking requirement, including the engine speed
controller in the predictive model. The proposed MPC is tested in
an experimentally-validated simulation environment, representa-
tive of an orchard vineyard tractor.

Index Terms—Hybrid Vehicles, Parallel Hybrid Vehicles, Trac-
tors, Energy Management, Model Predictive Control

I. INTRODUCTION

THE hybridization process is currently moving from stan-
dard vehicles to heavy-duty ones, raising new challenges

not only in their mechanical/electrical design but also in the
development of a proper Energy Management Strategy (EMS).

Heavy-duty vehicles cover a wide and heterogeneous class
of vehicles [1], including but not limited to agricultural
tractors, street sweepers, forklifts and construction vehicles.
Therefore, they cannot be studied as a single category, in
order to exploit their potential. It follows that if, on the
one hand, traditional vehicle behavior is well represented by
standard driving-cycles, on the other hand, each heavy-duty
vehicle is characterized by particular features. To provide some
examples, tractors can operate in a transport scenario, when
used for moving people or loads through trailers, or in a
working scenario, where they operate the same machinery in
field for hours; on the contrary, construction vehicles operate
in a very different way, moving loads for hours in a stationary
way. Moreover, heavy-duty vehicles are typically equipped
with additional loads with respect to traditional vehicles. These
loads can be mechanical, connected to the propulsion system
through a power take-off (PTO), or hydraulic, connected
through a system of pumps that feeds the hydraulic circuit.
This work focuses on tractors, in particular on a hybrid orchard
vineyard tractor prototype. It is a non plug-in parallel hybrid
vehicle, i.e., an electric motor (EM) is mounted in parallel to
the internal combustion engine (ICE) and the battery state of
charge (SoC) is maintained by the engine itself.

Generally, hybrid electric vehicles (HEVs) need an energy
management strategy: a control law that optimizes the usage
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of the multiple power sources, aiming at optimizing fuel
consumption [2], efficiency [3] emissions [4] or costs in an
economical framework [5], [6]. This optimization problem
can be seen as a global optimization [7], [8], in fact the
optimization horizon coincides with the entire life of the
vehicle. Given the impossibility to know a-priori the behavior
of the vehicle, many real-time solutions have been developed,
here classified according to their level of optimality. The sim-
plest solutions are based on heuristic approaches [9], followed
by the well-known Equivalent Consumption Minimization
Strategy (ECMS) that reduces the global optimization problem
to a local one by minimizing an equivalent consumption
at any time instant [2]. The optimization problem can be
also solved over a finite prediction horizon, applying Model
Predictive Control (MPC) techniques [10]–[12]. Among their
advantages, there is the possibility to turn them into multi-
objective problems; indeed, additional aspects can be easily
included in the predictive model, e.g., models specific for
the engine turn-on phases [13], battery thermal [14] or aging
dynamics [15].

In the agricultural sector, besides the advantages shared
with traditional hybrid vehicles, a hybrid tractor can re-
duce the deposit of pollutants on crops and the emissions
near workers [16]. Moreover, when the full-electric mode
is activated, turning off the engine, it is possible to work
indoor in greenhouses, completely eliminating the emissions.
Nevertheless, hybridization and full-electrification of tractors
are very challenging. First of all, because of the high power
request to the battery for machining and the high energy
for long full-electric cycles, the current technology is able
to satisfy these requirements mainly for compact or orchard
tractors [17]. However, the electrification process is a general
trend in agriculture and mature for small and light agricultural
mobile robots, which require less energy and power. For this
specific kind of vehicles, different energy storage systems have
been developed and analyzed, ranging from batteries to hybrid
fuel-cell and photovoltaic power propulsion systems, e.g., [18],
[19].

Main topic and related works

This work addresses the design and analysis of energy
management strategies for the hybrid orchard/vineyard tractor
prototype, in order to understand the potential fuel saving
improvements with respect to its standard configuration which
features the sole internal combustion engine. A peculiar char-
acteristic of agricultural machines (and more generally heavy-
duty vehicles) is that their ICE is already equipped with a
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speed controller [20], [21] that helps to ease the driver in
performing their typical long and repetitive operations.

Our work explicitly considers the presence of the built-in
speed controller and proposes a control law that results as
an add-on to the original vehicle, i.e., does not require any
change/intervention on the built-in speed controller. This is a
desirable feature, that facilitates the development and transition
to hybrid vehicles at an industrial level, also in a consolidated
market like the agricultural one.

This specific topic, to the best of our knowledge, has not
been yet addressed in the literature. One can, indeed, divide the
related scientific background into two groups: 1) works dealing
with the integrated energy management and speed control in
traditional parallel hybrid electric vehicles (HEVs), without
any built-in engine speed controller; 2) works oriented to the
design and control of hybrid tractors.

The speed control and energy management problem, in
traditional parallel HEVs, is typically handled by splitting the
problem into two hierarchical and independent sub-problems:
the high-level speed controller computes the total power to
drive the vehicle at the reference speed; the lower-level con-
troller, that implements the actual energy management strategy,
splits the total requested power between the electric motor
and the internal combustion engine, aiming at minimizing
consumption. Some recent examples follow: [22] proposes an
external MPC-based adaptive cruise controller (ACC) which
computes the load torque and its prediction; then they are
both used as input for an ECMS-based energy management.
Also [23] develops a hierarchical control law with an external
cooperative adaptive cruise control and an internal heuristic
energy management strategy. The hierarchical framework pro-
posed in [24] is composed of a neural network, which is
leveraged in the upper layer controller to regulate the vehicle
speed; then a genetic algorithm is exploited to determine the
equivalence factor for the lower layer ECMS-based control.
Finally, [25] formulates a constrained finite-time optimization
control problem, realized by two hierarchical model predictive
controllers. None of the discussed works can be directly em-
ployed on the considered tractor, because of the built-in speed
controller. Its presence, in fact, causes two main issues. Firstly,
the ICE itself is already responsible for the speed tracking,
making impossible to address the fuel saving and the speed
tracking objectives as two decoupled problems. Secondly, the
total torque/power cannot be directly split between the electric
motor and the engine, because in the latter it is autonomously
regulated by the built-in controller.

Considering the literature on hybrid tractors, different kinds
of works can be found. In [26], the hybridization of a tractor is
addressed as a feasibility study, showing the potential benefits
of hybrid powertrains. Other works analyze, from an electric
and mechanical perspective, specific hybrid configurations,
e.g., parallel tractors with electric motors mounted on the
main shaft [27] or directly in wheels [28]. Only a few works
propose EMS for hybrid tractors: [29] and [30] approach the
EMS problem using a backward modeling paradigm, where
the driving-cycle is known in advance and can be perfectly
tracked; [31], on the other side, does consider the speed profile
tracking problem but assumes the possibility of controlling

both the ICE and the electric motor torque, as in traditional
parallel hybrid electric vehicles.

Main contributions and outline

In our work, we address the EM of a hybrid tractor
accounting for its specificity, i.e. the built-in engine speed
controller. To do so, we propose an MPC-based EM solution,
that takes into account the engine controller dynamics within
the predictive model and that addresses two main objectives:
fuel saving and speed reference tracking.

A preliminary step is the identification of a control-oriented
vehicle model, to be used inside the MPC formulation. The
identification process is also oriented to the creation of a more
complex model, to be used as simulation environment to test
the proposed EMS. We mainly tested the proposed strategies
on transport driving-cycles instead of agricultural ones. Indeed,
agricultural operations typically occur at constant speed with a
slowly varying average power request [27]. As such, the tractor
and the powertrain work in almost constant operating points.
Transport operations, on the contrary, are much more variable
scenarios and so more challenging for the EMS. Simulation
results revealed that the proposed MPC can achieve good
saving performance without losing in speed tracking.

To summarize, the main contributions of this work are: 1)
the experimental identification and validation of a control-
oriented model of the tractor and its engine speed controller;
2) the formulation of an energy management strategy based
on an MPC approach, which allows the explicit consideration
the presence of the built-in ICE speed controller; 3) the
performance validation – in terms of fuel saving and speed
tracking – and the sensitivity analysis carried out on the
experimentally-validated simulator, considering both transport
and agricultural driving-cycles.

The remainder of the paper is organized as follows. In
Section II, the experimental setup is presented along with its
model and identification procedure. In Section III, the energy
management problem for the vehicle is introduced and then,
in Section IV, formulated in the MPC framework, showing
the cost function, the predictive model and some additional
constraints. Finally, the simulation results are discussed in
Section V.

II. EXPERIMENTAL SETUP AND SIMULATION
ENVIRONMENT

The considered vehicle is an orchard/vineyard hybrid tractor
prototype. Its traction system is composed of an electric motor
(EM) connected with the battery through an inverter (MCU),
that already includes a torque controller. The electric motor is
mounted on the main shaft in parallel with the Diesel internal
combustion engine equipped with its built-in control unit
(ECU), oriented to the tracking of the driver speed reference.
Moreover, the engine keeps a fan in rotation for cooling
purposes. Between the main shaft and the wheel one, there is
a manual transmission with twelve gearbox ratios. While the
EM is always mechanically coupled with the transmission,
the ICE can be decoupled by a controllable clutch. Typical
of the tractors is the presence of the PTO, used to connect
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Fig. 1. Vehicle scheme.

agricultural machines with the vehicle, and the presence of
hydraulic auxiliaries, in this case, driven by a dedicated electric
motor-pump system. The complete schematic representation of
the vehicle is visualized in Fig. 1.

In the following, a mathematical model of the vehicle is
derived from experimental data in order to develop a simulator
of the vehicle in Matlab/Simulink1 environment. Each element
of the vehicle will be singularly characterized from data
collected in different experiments, then the complete model
will be validated on a transport maneuver.

A. Components modeling and identification

Internal combustion engine. The internal combustion en-
gine is modeled as a static map [32], which represents the
efficiency ηice between the fuel power consumed Pf and the
mechanical one Pice in a certain operating point (rotational
speed and torque provided):

ηice(Tice,Ω) =
Pice

Pf
=

TiceΩ

λfṁf
, (1)

where Ω is the rotational speed of the main shaft and Tice

is the engine torque, that is the equivalent torque applied by
the engine pistons reduced by the internal friction; therefore,
when the pistons are not applying any torque, i.e., when
the injected fuel is null, the net engine torque Tice assumes
negative values, because of the frictions. Then, ṁf is the fuel
rate and λf is the lower heating value, that represents the
energy density of the fuel provided during combustion. The
map provided in Fig. 2 is the result of a polynomial surface
fitting on experimental efficiency data points, collected by
keeping the engine in a fixed operating point (Ω, Tice) with a
dyno.

Electric motor. Given the high bandwidth of the torque
controller in the MCU, the electric motor can be modeled
with an efficiency map as done for the engine. In this case,
the efficiency is defined as [32]:

ηem(Tem,Ω) =

(
TemΩ

VbIb,em

)sign(Tem)

. (2)

where Tem is the provided torque, Vb and Ib,em are the voltage
and current at the battery side. It should be pointed out that the

1MathWorks, Portola Valley, California, United States.
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Fig. 2. ICE efficiency map. Engine speed limits are highlighted in dashed
lines and maximum torque is in continuous line.

efficiency ηem, as defined in (2), includes also the efficiency of
the inverter, used to control the motor. Electric machines can
also generate electrical power when applying negative braking
torques, therefore the sign(Tem) appears in (2). Fig. 3 shows
the EM efficiency; following the same procedure carried out
for the engine identification, it is the result of a surface fitted
on experimental data collected at the test bench.
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Fig. 3. EM efficiency. Torque limits are highlighted in continuous line, in
dashed line the speed limits of the engine are reported to show the speed
range possible in hybrid mode. The EM presents different limits in traction
and recharge to satisfy the battery ones.

Battery. Battery is modeled according to its equivalent
circuit model, that is an ideal voltage generator Voc in series
with a resistance Rb:

Vb = Voc(SoC)−RbIb, (3)

where Ib is the sum of the current delivered to the motor Ib,em
and the one required by the auxiliaries Ib,aux. Moreover, the
open-circuit Voc of Li-ion batteries varies around its nominal
voltage Vn as a function of the state of charge (SoC). The
shape of this function depends on the Li-ion cells that the
battery is composed of, Fig. 4 corresponds to the one on the
vehicle. SoC can be defined as the available capacity of the
battery with respect to the nominal one Qb at full charge,
therefore the SoC dynamics is ruled by the following equation:

dSoC
dt

= − Ib
Qb

. (4)
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Fig. 4. SoC - Voltage battery characteristic.

Fan. For cooling purposes, the engine keeps a fan in
rotation, that is modeled as an additional load power Pfan as
a function of the speed:

Pfan = TfanΩ =
(
AfanΩ

2 +BfanΩ+ Cfan

)
Ω. (5)

where Afan, Bfan and Cfan are the model coefficients. Fig. 5
shows the experimental data collected while keeping the ICE
idling, without any load except for the fan and compared with
the identified model.

Fig. 5. ICE fan losses. Experimental data are compared with the identified
model.

Transmission. Transmission in agricultural tractors is an
oil-bath one, modeled through the power loss Pgb necessary
to idle the transmission as a function of the transmission speed
Ωgb = Ω/τgb [33], i.e., the speed Ω of the main shaft scaled
by the gear ratio τgb. The gearbox is composed of twelve
values divided into three sets: slow (S), medium (M) and fast
(F). Moreover, due to the presence of oil, the losses decrease
when the oil temperature Υ increases [34]:

Pgb = Tgb(Ωgb,Υ)Ωgb =

=

(
Agb(Υ)

(
Ω

τgb

)2

+Bgb(Υ)
(

Ω
τgb

))(
Ω

τgb

)
,

(6)

where Agb and Bgb are the model coefficients.
The experimental data, collected at different temperatures,

while the transmission is idling, are shown in Fig. 6. Then,
the model is identified around the nominal temperature of
44oC, i.e., the average operating temperature reached during
the typical usage of the tractor.

Longitudinal dynamics. The longitudinal dynamics of the
vehicle can be computed with a longitudinal power balance,
that results in:

M
dv

dt
v = Ptr − Pbr − Pcd(v)− Ppto, (7)

Fig. 6. Transmission losses. Experimental data collected at different temper-
atures are compared with the identified model at the nominal temperature of
44oC.

where M is the vehicle mass and v the longitudinal speed.
Ptr is the equivalent traction power at the wheel, that is
the sum of the two motors power reduced by the fan and
transmission power losses. Then, Pbr = Fbrv is the braking
power requested by the driver. Ppto = TptoΩτpto is the power
to be delivered to the loads connected through the PTO, where
Tpto is the PTO torque and τpto is the gear ratio between
the PTO shaft and the engine one. Finally, Pcd(v) is the so-
called coasting-down power to counteract when the vehicle
is kept at constant speed v. It can be defined as the product
between the longitudinal speed v and the coasting-down force
Fcd, the force that must be exerted to drive the vehicle at a
certain (constant) speed. It accounts for three components: the
aerodynamic friction proportional to the speed squared, the
viscous resistance proportional to the speed and a constant
value as a function of the rolling resistance and the road slope:

Fcd(v) =
1
2ρAxCxv

2 + βv +MgCr cos θ +Mg sin θ.
(8)

Regarding the first term, ρ is the air density, Ax the frontal
surface area, and Cx the drag coefficient. β is the viscous
coefficient and Cr the rolling resistance coefficient. Finally,
M is the total vehicle mass, g the gravity and θ the road
slope, positive when up-hill. In place of using the values of
these physical parameters, it is common to lump them into
three coefficients – A = MgCr, B = β and C = 1

2ρAxCx –
which can be easily experimentally identified [33]:

Fcd(v) = Cv2 +Bv +A cos θ +Mg sin θ. (9)

The longitudinal vehicle speed v is related to the engine
rotational speed according to:

v =
Ω

τgbτ0
Rw, (10)

where τ0 is the fixed ratio between the rotational speed of the
gearbox and Rw is the wheel radius.

The coefficients of the coasting-down force in (9) can
be experimentally found letting decelerating the vehicle on
its own on a flat road, with the clutch open and the PTO
disconnected. Hence, (7) becomes:

M
dv

dt
v = −Pgb − Pcd(v), (11)

and therefore the model can be fitted on the experimental data
as shown in Fig. 7. During the identification tests, speed and
acceleration have been measured with an additional GPS/IMU
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system, the mass is considered known and the gearbox losses
known from Fig. 6. Given that the fan is placed before the
clutch, the fan power losses do not appear in (11).

Fig. 7. Coasting-down losses. Experimental data are compared with the
identified model.

Engine controller. The last element to be presented is the
engine speed controller. In fact, with respect to traditional
vehicles, where the driver gives a torque command to the
engine through the throttle pedal, in agricultural ones, the
driver sends a rotational speed reference for the engine itself
[20], [21]. The control scheme of the engine is shown in the
scheme in Fig. 8, where two additional elements are visible:
the 1.5 Hz reference prefilter and the droop function, that
modifies the speed reference requested by the driver as a
function of the current torque applied by the engine [35]. In
particular, the reference increases when the load reduces, in
order to have a smoother control action in load transitions and
moreover the driver is able to experience a load variation even
if the engine is speed controlled. In our application, the droop
function has been disabled, so that the engine does not present
any steady-state error with respect to the driver request.

speed 

controller
prefilter ICEref.

speed

-

droop 

function

Fig. 8. ICE control scheme model.

Deriving a detailed model of the speed controller is a hard
task, in fact control of diesel engines is very complex, due to
the multiple objectives (e.g., injection, air flow, temperature,
emission), in addition to the main one, that keeps the engine
in the desired operating point [36], [37]. For the purposes of
this work, the controller is modeled in a control-oriented way.
Hence, it is simplified as a PI (proportional-integral) engine
speed controller, whose equations are:{

Tice = Kp(Ωref − Ω) + xice

ẋice = Ki(Ωref − Ω)
, (12)

where Ωref is the filtered reference from the pedal, Kp and
Ki the PI gains and xice the controller status associated to the
integral action. The experimental identification of the control
gains is discussed after the definition of the complete model
equations.

B. Complete vehicle modeling and identification

The complete model, derived by merging the models of each
vehicle component (1)–(12), results in the following set of
equations:

v̇ = 1
MRw

[(
(Tice − Tfan)ξ + Tem − Tptoτpto

)
τgbτ0+

−(Fcd − Fbr)Rw − Tgbτ0
]

ṁf = 1
λf

(
TiceΩ
ηice

)
ξ

Tice = Kp(Ωref − Ω) + xice

ẋice = Ki(Ωref − Ω)

SȯC = − Ib
Qb

Vb = Voc −RbIb
Ib = TemΩ

Vbηem
+ Ib,aux

(13)
where ξ is a boolean variable representing the status of the
clutch:

ξ =

{
1 when closed
0 when open (14)

Considering an energy-oriented modeling framework, the role
of the clutch is simplified into a boolean status, in order to
model the possibility of engine off, with ξ =0, driving the
vehicle in full-electric mode.

This model has four continuous states: speed, fuel
consumption, SoC and the integral action of the speed
controller; and four inputs: the engine speed reference, the
electric motor torque, the clutch status and the gearbox ratio.
Braking force, PTO torque and the current required by the
auxiliaries acts as disturbances. On this tractor, the braking
force and auxiliaries’ current are measured, while the PTO
depends on the connected machinery.

Once the complete model is derived, the controller gains
can be identified, performing multiple speed reference steps
and minimizing the mismatch between the experimentally
measured engine speed (Ωmeas) and the one obtained by
running the model (13) (Ωsim):

(Kp,Ki) = argmin
∑
i

(
Ωmeas(i)− Ωsim(i)

)2
. (15)

The comparison of the measured and simulated data with
the optimal controller gains found is shown in Fig. 9. This
figure highlights the capability of the PI model to match the
simulated speed with the measured one in terms of the rise-
time, overshoot and steady-state error. Also the good match
between the experimental and simulated control variable is
provided as validation.

C. Simulation environment validation

The model in (13) is implemented in Matlab/Simulink as
simulation environment for the energy management strategies.
The complete validation has been carried out by comparing
experimental data and simulated ones when fed by the same
inputs. The inputs of the test are the speed reference, imposed
by the driver; the electric motor torque, required by the
vehicle control unit which was operating following a torque-
assist rationale; the altitude. During this test, the clutch is
always closed and the gear ratio is constant over the entire
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Fig. 9. ICE controller model validation. Data have been collected during an
ICE-only test.

maneuver. Considering the transport maneuver, no additional
loads were present in the test. The model validation, see Fig.
10, is assessed by the good match between the simulated
and measured outputs, i.e., the engine torque regulated by the
speed controller, the SoC rate and the fuel rate. Among the
several, these variables have been selected since they are (or
are tightly related) to the vehicle model states. In particular,
the matching speed and engine torque validate the controller
gains, engine torque also validates the models of the vehicle
dynamics and loads (fan, transmission), while fuel and SoC
rates validate the ICE and EM efficiency maps, respectively.
The main model parameters are shown in Tab. I.

TABLE I
MAIN VEHICLE PARAMETERS

parameter value unit
M 3830 kg
Rw 65 cm
τ0 22.8 −
Kp 12 Nms/rad
Ki 3.33 Nm/rad
λf 42.68 MJ/kg
Qb 14 kWh

III. PROBLEM FORMULATION

The energy management problem for this vehicle is ad-
dressed in order to minimize fuel consumption, improving the
vehicle efficiency, while tracking the speed reference requested
by the driver. Moreover, considering that the vehicle is non
plug-in, the energy management should be able to guarantee
the battery charge-sustaining. In traditional parallel hybrid ve-
hicles, the combined energy management and cruise control is
typically addressed by hierarchical control schemes, e.g., [22]–
[24], where an external controller computes the total torque
necessary to track the desired speed and an internal loop, the
proper EMS, splits the requested torque between the engine
and the electric motor in order to minimize consumption.

An important difference between tractors and traditional
vehicles is the speed-controlled internal combustion engine.
With such a configuration, the delivered ICE torque cannot
be directly manipulated by the EMS, unless the ICE control
architecture is completely revised. Sometimes, for industrial

constraints, this is not even possible. In our work, we address
this challenge and propose an EMS for a parallel hybrid
vehicle that manipulates only the electric motor torque and
does not (at least directly) interfere with the ICE control
architecture, see Fig. 11. The high-level control goal, i.e.,
the speed reference tracking, is still ultimately fulfilled by
the engine, whereas the primary goal of the electric motor
becomes the efficiency improvement.

The proposed add-on solution is an MPC-based energy man-
agement strategy. Indeed, MPC seems a promising framework
for two reasons: 1) the multi-objective nature of the problem
can be addressed by introducing both fuel consumption and
speed tracking error minimization in the cost function; 2) the
presence of the built-in speed controller can be included in the
vehicle model present in the MPC.

IV. MPC-BASED ENERGY MANAGEMENT STRATEGY

To describe the MPC, the cost function to minimize, the
predictive model and the eventual additional constraints are
introduced. Then, the solver used is presented and the tuning
of the prediction horizon length and the weights of the cost
function contributions is discussed.

Cost function. The proposed cost function is the sum of
four elements, the first two are associated with the energy
consumption minimization goal, the third one is oriented to
the speed tracking, while the last one is an auxiliary term
used to have a smooth control variable:

J = cfuelmf(N) + csoc [SoC(N)− SoC(1)]+
ctrack

∑N
k=1 (Ω(k)− Ωref(k))

2
+

ccontrol
∑N−1

k=1 (Tem(k + 1)− Tem(k))
2

. (16)

N is the prediction horizon length and c∗ are the weights
on each contribution. The first two weights are chosen in
a physical way, in fact they are used to link fuel and SoC
consumption to energy consumption, therefore the following
equations hold:

cfuel = λf

[
J

kg

]
and csoc =

VnQb

100

[
J
%

]
, (17)

while other parameters will be tuned according to a sensitivity
analysis presented below.

Predictive model. The predictive model is a simplified and
discretized version of (13). The first simplification consists
of replacing model equation (3) with the nominal battery
voltage. This simplification is reasonable for charge-sustaining
vehicles, indeed the battery SoC remains around the nominal
value [38]. The second one makes the EM torque the only
optimization variable, linking the clutch status with the engine
torque: the clutch opens, activating the full-electric mode,
when the engine torque is close to zero (Tice < Tth ↔ ξ = 0).
Then, the model is written in discrete time according to the
forward Euler method with sample time ∆s = 0.05 s, chosen
to have 10 samples in system rise time.
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Fig. 10. Complete model validation. Experimental data (gray) are compared with the simulator outputs (blue) driven by the same experimental inputs (black
dotted). The orange dotted line in the first plot represent the altitude.
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Fig. 11. Vehicle control scheme model.

In conclusion, the predictive model is a discrete time
nonlinear system that can be written in compact form as:

X(k + 1) = X(k) + ∆sF (X(k), Tem(k), τgb(k),Ωref(k))
X(1) = Xmeas ,

(18)
where X = [Ω,mf ,SoC, xice] is the vector of the systems
states, initialized with the last available measurement (super-
script meas), and F is the state dynamics function. It is visible
that the model is a function of two unknown inputs: the speed
reference and the gearbox ratio. The first one is predicted
keeping its derivative constant over the horizon:

Ωref(k + 1) = Ωref(k) + ∆sΩ̇
meas
ref , (19)

while the gearbox ratio is kept constant:

τgb(k) = τmeas
gb . (20)

This model can be introduced in the optimization model as
a set of N equality constraints and using X(k) as a set of
auxiliary optimization variables, according to the so-called
multiple shooting method [39].

Constraints. The problem is subject to three hard con-
straints:

1) SoC is limited to stay between two levels in order to
prevent the complete discharge and charge of the battery:

SoCmin ≤ SoC(k) ≤ SoCmax; (21)

2) EM torque is limited at each speed by its maximum value
in charge and recharge:

Tmin
em (Ω) ≤ Tem(k) ≤ Tmax

em (Ω); (22)

3) battery current limits are suggested in real-time by the
battery management system in order to preserve the
battery health. To avoid including the nonlinearities of the
current expression in (13), the constraint can be written
equivalently on the SoC rate, thanks to (4):

Imin
b

Qb
≤ −SoC(k + 1)− SoC(k)

∆s
≤ Imax

b

Qb
. (23)

Solver design. MPC formulates an optimization problem
(OP) that can be summed up as in (OP1). This problem is
solved with the support of CasADi [40], which interprets the
problem as a symbolic one and turns it into a numeric one
at each iteration, given the measurements from the system.
The OP is nonlinear, therefore a suitable solver is interior
point (IPopt) [41]. It needs an initial guess as starting point
to compute the optimal value, that is chosen to be coincident
with the optimal time-shifted trajectory computed in the
previous iteration [42], except for the very first iteration that
it is set to zero.

Prediction horizon. Prediction horizon N is chosen through
a sensitivity analysis with respect to the computational time
∆c needed to solve the OP in (OP1). Fig. 12 shows the
average computational time starting from 50 random starting
conditions (measured variables) of the OP. The chosen value
is N = 30, that corresponds to a prediction horizon of 1.5
s, in order to satisfy the following constraints: 1) N > 10,
to include the transients of controller in the predictive model;
2) ∆c < 0.05 s, to guarantee the computation of the control
variable at each sample time of the discrete time model, and
apply the first optimal value on the system.

Cost function weights. Once the framework to solve the
MPC problem is defined, it is possible to perform sensitivity
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min
Tem,X

cfuelmf(N) + csoc [SoC(N)− SoC(1)]+

ctrack
∑N

k=1 (Ω(k)− Ωref(k))
2
+

ccontrol
∑N−1

k=1 (Tem(k + 1)− Tem(k))
2

s.t. model constraints
X(k + 1) = X(k) + ∆sF (X(k), Tem(k), τgb(k),Ωref(k), Tpto(k), Ib,aux(k)) k = 1, ..., N − 1

X(1) = Xmeas

τgb(k) = τmeas
gb k = 1, ..., N

Ωref(k + 1) = Ωref(k) + ∆sΩ̇
meas
ref k = 1, ..., N − 1

hard constraints
SoCmin ≤ SoC(k) ≤ SoCmax k = 1, ..., N

Tmin
em (Ω) ≤ Tem(k) ≤ Tmax

em (Ω) k = 1, ..., N
Imin
b

Qb
≤ − SoC(k+1)−SoC(k)

∆s
≤ Imax

b

Qb
k = 1, ..., N − 1

(OP1)

Fig. 12. Sensitivity of the computation time ∆c w.r.t. to the horizon length N .
The chosen value is highlighted, showing the satisfaction of the constraints.

analyses to tune the remaining parameters: the weights on
the tracking error ctrack and on the control variable ccontrol.
ccontrol is chosen in order to manage the trade-off, visible in
Fig. 13; recalling that the total torque to follow the reference
speed is adjusted by the ICE speed controller, it is possible
to conclude that: when the weight is too low, the EM and
the total torque are too rough; while when it is too high, the
total torque is smooth, but the electric motor is not as fast
as the engine controller dynamics and therefore it provides
a slow response. Finally, a good tuning of the parameter
ccontrol provides that both EM and total torque are smooth,
without cutting out the dominant frequencies of the EM one.
The other weight, ctrack is necessary to guarantee a good
tracking performance, given that the electric motor torque acts
as a disturbance for the engine speed controller. Moreover, it
plays a very important role in full-electric mode, when MPC
becomes the only controller responsible for tracking. Fig. 14
shows how the tracking performance with the chosen weight
is very close to the response of the ICE controller when the
electric motor is turned off, while a significant error is present
when the tracking weight is too low. In this analysis, the tuning
of the tracking weight is based on the tracking effect only,
while in Section V, the trade-off between tracking and energy
saving is discussed in detail.

Charge-sustaining. Up to now, the charge-sustaining con-
straint has been expressed as a hard constraint on the minimum

Fig. 13. Sensitivity w.r.t. the control weight ccontrol, in simulation environ-
ment.

Fig. 14. Sensitivity w.r.t. the control weight ctrack , in simulation environ-
ment.

and maximum value of the battery state of charge. Never-
theless, this solution is not sufficient, in fact in a charge-
sustaining scenario the behavior of the energy management
strategy should be SoC dependent, preferring a battery dis-
charge when the SoC is too high and vice-versa [2], [43].
A possible solution to manage this problem is to introduce a
penalty function on the battery consumption [44], such that
the battery usage becomes more expensive when the SoC
decreases. Therefore, the csoc weight in the cost function
(16) is multiplied by a penalty function c̃soc(SoC), shown in
Fig. 15. Moreover, it must be noticed that its average value
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corresponds to the average ratio between ηem and ηice, in order
to consider that each battery consumption requires past or
future fuel consumption to maintain the battery state of charge
[3], [38], when dealing with non plug-in vehicles.

Fig. 15. Penalty function on the battery consumption as a function of SoC.

V. SIMULATION RESULTS

The performance of the MPC controller is evaluated in
the simulation environment developed in Section II. As dis-
cussed in the Introduction, we mainly considered the transport
scenario. In particular, the considered driving-cycle has been
created using real measurements where different speeds, gears
and driving patterns were recorded. In order to obtain a
long driving-cycle (about 45 min), several surrogate profiles
have been connected, obtained from the phase randomization
process of different shorter experimental driving-cycle. The
phase randomization creates a surrogate signal by transforming
the original one into the frequency domain and randomizing
its phases, before reconverting into time domain [45]. The
resulting speed reference is visible in Fig. 16. By applying this
strategy, the reference speed has a power spectrum magnitude
equal to measured shorter driving-cycles, avoiding to have un-
representative accelerations and decelerations. The associated
gear ratio is computed as a function of the reference vehicle
speed.

Due to the multi-objective nature of the MPC, the trade-off
between fuel saving and speed tracking is discussed through a
sensitivity analysis. Moreover, the robustness with respect to
the engine speed controller uncertainty is evaluated, in order to
understand the effect of a possible mismatch with the model.
Finally, we discuss the application of the proposed solution to
agricultural applications.

Fig. 16. Vehicle speed reference used in simulations.

Performance evaluation. The indexes used for performance
evaluation are related to the two primary objectives of the
MPC: the fuel saving with respect to the ICE-only case (in this

case, the vehicle mass is reduced by 200 kg, to consider the
absence of the electric motor and the battery) and the speed
tracking, quantified by the root mean square error (RMSE),
normalized with respect to the speed reference. Results are
also compared with the optimal global solution, considering
the whole driving-cycle known. The global optimum can be
computed via Pontryagin’s minimum principle (PMP). Indeed,
when hybrid vehicles operate in a charge-sustaining scenario,
the battery voltage can be assumed almost constant, and if
the PMP solution exists, it returns the global optimum, as
discussed in [46] and [47].

Fig. 17 shows that the MPC-based solution makes the SoC
return at the end of the driving-cycle close to its initial value
with a lower fuel consumption than the ICE-only solution. To
compare results with the global optimum, PMP is computed
so to have the same initial SoC at the end of the driving-
cycle. Results are summarized in Table II: the MPC-based
EMS produces a fuel saving, with respect to the traditional
ICE-only vehicle, of 12.6 % on the considered driving-cycle,
while the global optimum reaches a level of 17.3 %.

Fig. 17. Simulation results: fuel consumption and SoC behavior comparison
between the MPC-based solution and the traditional ICE-only vehicle.

TABLE II
SIMULATION RESULTS

COMPARISON BETWEEN THE MPC-BASED SOLUTION, THE TRADITIONAL
ICE-ONLY VEHICLE AND THE OPTIMAL CONSUMPTION CONSIDERING THE

DRIVING-CYCLE IN FIG. 16

tracking RMSE fuel consumption fuel saving
ICE-only 0.73 % 2704 g –

MPC active 2.00 % 2364 g 12.6 %
global optimum 0.76 % 2236 g 17.3 %

Analyzing results in terms of tracking error, it is possible
to appreciate that all solutions do not deteriorate the tracking
performance, quantified with a low tracking RMSE. Indeed,
MPC generates an absolute error of 44 rpm at the top speed of
2200 rpm. Despite the low value (2.0 %) of the speed tracking
RMSE in case of the MPC-based solution, it is higher than the
original ICE-only solution and so it is interesting to analyze the
motivations behind that. The main cause can be attributed to
the full-electric mode, where the ICE speed controller is turned
off and the MPC becomes entirely responsible for the speed
tracking. Fig. 18 compares the step response of the built-in
engine controller with the response when the MPC is active.
In one case, MPC operates in hybrid mode (recharging the
battery) in parallel with the engine controller, in the other case
in full-electric mode. All responses present the same settling-
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time, but in full-electric there is a slower rise-time and higher
peak, because of the maximum torque reduction (see Fig. 3
and 2) and the slower sampling time of the control variable.
Indeed, the built-in engine speed controller operates at 100
Hz, while the MPC sampling time is 20 Hz. Nevertheless, the
performance can be considered satisfying, as shown by Fig.
18 on a step response and evaluated by the speed error RMSE
on the complete driving-cycle. Moreover, Fig. 18 shows how
the steady-state error in full-electric mode remains negligible,
without an explicit MPC integral action, thanks to the presence
of the integral action in the predictive model equations.

Fig. 18. The step response of the built-in engine controller is compared with
the response when the MPC is active. In one case, it operates in hybrid mode
and in one case in full-electric mode.

Another interesting point to be discussed is how the MPC
behaves during the driving-cycle, i.e., how the electric motor
torque moves the engine one in order to save fuel. Figure
19 shows the operating points, highlighting a main pattern
during the whole driving-cycle: 1) the full-electric mode is
preferred at low loads, where the engine efficiency is very low;
2) when the hybrid mode is active, the EM torque is principally
negative, recharging the battery, to move up the ICE operating
point in more efficient zones. Finally, it is also visible that
in the transport scenario, it is possible to recuperate energy,
thanks to the regenerative braking of the electric motor. Indeed,
given that the speed tracking is an objective of the MPC, the
EMS automatically asks for negative torques to slow down the
vehicle, when the speed is higher than the reference requested
by the driver.

The last objective of the MPC is the charge-sustaining
capability: Fig. 20 shows how the battery SoC converges
to a similar behavior even if the initial values is different,
thanks to the fact that at low SoC values the recharge is
defined (according to the penalty function in Fig. 15) as more
convenient and vice-versa.

Saving/tracking trade-off. The tuning of the tracking
weight ctrack has been validated through the additional sensi-
tivity analysis in Fig. 14, with deeper analysis of its effects on
the fuel saving. Considering again the driving-cycle in Fig. 16,
the MPC tracking weight ctrack is replaced by ctrackαtrack in
order to perform a sensitivity analysis increasing and reducing
the chosen tracking weight. In Fig. 21, the Pareto curve
resulting from different simulation experiments is reported,
showing that a very high weight on the tracking disrupts the
energy saving performance; however, with lower values, the
energy performance is significantly higher with a negligible
increase of tracking error. This figure shows also the very

Fig. 19. Simulation results: engine (left) and electric motor (right) torque
projected on the respective efficiency maps.

Fig. 20. SoC evolutions for different initial value converge to the desired
SoC region, maintaining the battery SoC around the 50 %.

good position on the Pareto curve considering the value of
ctrack chosen in Fig. 14.

Fig. 21. Pareto curve fitted on experience data varying αtrack. The chosen
value at αtrack=1 is highlighted in red.

Robustness to speed bandwidth model error. The pecu-
liarity of the proposed MPC is the interaction with the built-in
engine speed controller, that is also included in the predictive
model. In the previous simulation, the control model coincides
with the real controller active on the plant; now, we are aiming
at analyzing the performance loss due to a mismatch between
the bandwidth of the controller in the model and the real one.
In particular, to change the control bandwidth, regulator gains
are scaled in the model with a multiplicative factor, (Kp,Ki)
is replaced by (Kpαω,Kiαω). The outcome of this analysis, in
terms of fuel consumption and tracking RMSE, is both shown
in Fig. 22. First of all, it is visible that the tracking RMSE
is almost invariant with respect to αω , due to the fact that
the real control bandwidth does not change. Considering the
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fuel saving performance, it is possible to highlight a robust
region, in fact, despite a model error, the performance is kept
to the nominal level. On the other hand, when the model error
increases the fuel consumption is visibly higher, due to the
mismatch between the actual engine torque and the one present
in the model.

Fig. 22. Sensitivity of fuel consumption and tracking performance with
respect to αω : fuel consumption increases out of the robust region when
αω differs from the nominal value, while tracking error is always kept in a
small region.

Agricultural applications. The last analysis consists of the
evaluation of the proposed MPC in agricultural operations.
We recall that agricultural machinery occurs around a con-
stant operating point [27], which depends on the considered
operation itself. The aim of this analysis is the validation the
use of the MPC-based solution in such a scenario. Therefore,
we selected a single driving-cycle, derived from experimental
data. In particular, in the considered scythe operation, the
speed reference was equal to 1200 rpm and the average load
torque was 100 Nm. During this simulation, we assumed that
the PTO torque was provided by a sensor, like the one shown
in [48]. However, if such a sensor is not available, load torque
estimators can be employed [49].

We compared the fuel saving performance of the MPC with
respect to the optimal global one, when the battery SoC returns
to the initial value. In fact, thanks to the constant pattern of
the requested speed and average load torque and the charge-
sustaining scenario, the EMS will have a repetitive behavior,
as well. Therefore, the simulation of long agricultural driving-
cycles is not necessary to evaluate the fuel saving performance.

Results showed that, in the considered operating point, the
MPC can save the 5.40 % of fuel with respect to the ICE-only
tractor, which is close to the optimal global fuel saving value
(6.67 %).

VI. CONCLUSIONS

In this paper, we proposed an MPC-based solution for
the energy management of a parallel hybrid tractor, able to
deal with the traditional speed tracking requirement of the
vehicle. The effectiveness of the solution is tested on an
experimentally-validated simulation environment, developed
after an experimental campaign oriented to the identification
of every vehicle component. Results showed significant fuel

saving – 12.6 % in the considered transport driving-cycle and
5.40 % in the agricultural one – without losing speed tracking
performance.
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