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Abstract: In this article, a hybrid powertrain for the Volkswagen (VW) Crafter is designed using the
Model-In-The-Loop (MIL) method. An enhanced Proportional-Integral (PI) control technique based
on integral cost functions is developed by carrying out a time-based simulation in MATLAB/Simulink
software to realize the optimal fuel economy of the vehicle. Moreover, a comparative study is
conducted between the vehicle’s hybrid and pure electric versions to assess the optimal battery
energy consumption per unit distance traveled. Communication within our vehicles’ Electronic
Control Units (ECUs) is facilitated by a message-based protocol called a Controller Area Network
(CAN). Consequently, this paper presents an online CAN Bus data analysis using the Hardware-In-
The-Loop (HIL) method. This method uses a standard frame, J1939 CAN protocol, implemented with
Net CAN Plus 110 hardware. A graphical user interface is developed on a host Personal Computer
(PC) using LabVIEW for decoding the acquired raw CAN data to physical values. The simulation
results reveal that the proposed controller is promising and suitable for realizing optimal performance
over the HIL method.

Keywords: J1939 CAN protocol; HIL; LabVIEW; MIL; MATLAB/Simulink; Net CAN Plus 110;
objective functions; PI control algorithm

MSC: 37M05

1. Introduction
1.1. Background

An Internal Combustion Engine (ICE) in conventional vehicles is the primary source
of toxic gases that threaten human lives and livestock. Replacing the ICE with electric
propulsion leads to a clean and safer environment. Transportation systems are almost a
quarter of the causes of greenhouse emissions, which cause air pollution in various cities [1]
due to high traffic [2], and they are harmful to the living [3]. This effect has led to the shift
toward renewable energy sources [4]. Hybrid Electric Vehicles (HEVs) have evolved to
reduce air pollution levels and improve efficiency and drivability compared to traditional
vehicles [4], and effective utilization of conventional energy is an emerging research area.
However, HEVs are the development goal in the automotive industry [5], and their optimal
fuel economy is a critical factor for their success [6,7]. Therefore, the sole aim for evolving
the HEVs is to improve fuel economy, reduce ICE emission levels, and ensure that they are
performing within an acceptable range [8,9]. In comparison, pure Electric Vehicles (EVs)
have eliminated emissions and improved fuel economy [10,11] with a smooth transition
to transportation electrification [12]. This paper proposes an enhanced classical PI control
technique based on integral objective functions to realize an optimal fuel economy for a
parallel hybrid car.
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The literature survey revealed that in the early stage of the HEV control methods for
optimal fuel economy, linear control algorithms such as the Proportional Integral Derivative
(PID), Linear Quadratic Regulator (LQR), and analytical approach [13–15] were adopted.
The proposed analytical method is quite cumbersome due to the computational effort.
The classical PID and LQR are not promising and might perform poorly because of their
unrealistic nature to handle the complexity of the nonlinear systems. In addition, the
LQR is not promising, due to the difficulty in computing precise weighting matrices. The
broader application of EVs has led to the development of complex, more reliable alternative
nonlinear control strategies and has significantly accomplished optimal fuel and energy
consumption for pure and hybrid EVs.

One of the promising control strategies applied for optimal fuel consumption in
pure electric and hybrid vehicles is the Fuzzy Logic Controller (FLC). The FLC seems
to be a powerful tool control strategy [16]. In [17], an FLC was applied to minimize
energy consumption by establishing a power split among the electric motors for a four-
wheel independent-drive EV. Similarly, the study in [18–21] applied FLC-based energy
management and the power control technique for the HEV and achieved optimal fuel
economy. Niels et al. performed a comparative study to investigate the fuel economy of
the parallel HEV [22]. The proposed FLC was found to be an alternative control scheme
for optimal fuel consumption. In [23], two driving cycles were proposed, based on the
FLC control algorithm to study fuel consumption for a parallel HEV: Urban Dynamometer
Driving Schedule (UDDS) and Highway Fuel Economy Test Drive Cycle (HWFET).

Another popular control strategy used for the optimal fuel consumption for HEVs
is the Model Predictive Controller (MPC). The MPC is a control algorithm that uses a
dynamical model of the control plant to predict the direction of its desired response [24,25].
The study in [26] proposed an MPC controller to control gas emissions and improve fuel
economy. The study in [27] explored the various literature results for HEVs based on MPC
control as the energy management strategy. The study [28] evaluated the MPC for HEVs at
different driving conditions, such as urban and highway driving, for optimal fuel economy.
Poor prediction in the MPC would make its performance worse.

Recently, another novel approach proposed for optimal fuel economy is the Neural
Network (NN). Millo et al. in [29] developed an NN algorithm exploited through deep Re-
current Neural Networks (RNNs) for the optimal fuel consumption for the HEV. In [30], the
proposed NN is trained based on dynamic programming (DP) for the optimal fuel economy
of the HEV. Several control techniques in control theory applications have been inspired by
intelligent methods like the Genetic Algorithm (GA), neuro-fuzzy membership function,
and adaptive control techniques like the Adaptive Neuro-Fuzzy Inference System (ANFIS),
which have been applied to search for an optimal path for the optimal fuel economy in
hybrid cars. For example, a PI controller optimized according to the symmetrical optimum
tuning procedure was suggested to examine the optimal fuel consumption for HEVs [31].
The study in [32] proposed an algorithm-based GA to optimize the system transmission
efficiency of the HEV, thereby achieving an optimal fuel economy. Junjiang et al. in [33]
performed an EV study based on the neuro-fuzzy membership function and MPC for en-
ergy efficiency and ride comfort. The energy recovery efficiency of the EV was improved by
proposing a neuro-fuzzy optimization framework to optimize the neuro-fuzzy membership
function to realize the neuro-fuzzy control.

Motivated by the above, this research develops an enhanced PI controller to investigate
the optimal fuel economy using the MIL and HIL methods for a VW Crafter, which is
transformed into a hybrid at the Department of Mechatronics Engineering. The ICE and
the electric motor (e-motor) propel the vehicle. The ICE is a four-cylinder, four-stroke
diesel engine with a displacement of 1968 cc (120.1 cu in), with a range of approximately
8–900 km, and the tank capacity is up to 70 L. A 2011 Nissan Leaf battery pack having
48 modules, 192 cells, 360 V of nominal voltage, and 24 kWh of overall pack capacity is
proposed as a traction battery. However, a new gearbox is designed for the motor as rear
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wheel drive while the engine is front wheel drive. The vehicle could operate in engine,
electric, or hybrid mode with a switching mechanism.

1.2. Model-In-The-Loop Development

The MIL development is the first stage of our Crafter design process. The hybrid pow-
ertrain is simulated in this phase to ensure it meets the design goal [34]. The establishment
of the Crafter began when the first Crafter was released in 2006 by a German manufacturer.
Later, in 2016, the first electric (e-Crafter) was released. However, the conventional version
of the Crafter’s pick-up style was converted into a hybrid by integrating an e-motor at the
rear wheel. Details of this transformation are discussed in the coming sections of this paper.

A conventional manufactured WV Crafter 2021, propelled by a Turbo Charged Direct
Injection Common Rail (2.0 TDI CR) diesel engine, with a manual, six-speed gearbox, was
designed to study its theoretical optimal fuel economy. The VW Crafter is a pickup-style
vehicle whose vehicle weight has reduced to 2758 kg after conversion from the van type,
with 3500 kg as the overall weight. The throttle set-point was determined by a PI-controller-
based Worldwide Harmonized Light Vehicles Test Procedure (WLTP) profile. The six-speed
manual gearbox was coupled to a friction disc clutch to facilitate vehicle movement.

On the one hand, the pure electric and hybrid models were designed using the
MIL method. The hybrid version has a parallel architecture whose wheel was propelled
by both the ICE and the Permanent Magnet Synchronous Motor (PMSM). Moreover, a
2011 Nissan Leaf battery with a nominal voltage of 360 V and 24 kWh capacity was used as
a traction battery. The Nissan Leaf battery has 48 modules, each with four cells (2 in series,
2 in parallel), totaling 192 cells in the pack. It is a lithium-ion-based battery whose cell
individual current capacity in Ampere-hour (Ah) is 33.1, making the maximum capacity of
the pack to be 66.2 Ah.

1.3. Hardware-In-The-Loop Development

An online CAN Bus Data Acquisition (DAQ) using the HIL method was developed on
a real car to collect the data from the vehicle CAN Bus. A standard frame, the J1939 CAN
protocol, was implemented with the aid of Net CAN Plus 110 hardware. The car CAN
Bus data were acquired and stored on a computer as a Comma-Separated-Value (CSV) file
using LabVIEW software 20.0, 64-bit (National Instrument, Austin, TX, USA). A graphical
user interface was implemented on the host PC to analyze the acquired raw CAN data in
physical values.

CAN is a suitable protocol for several distributed embedded system applications.
Initially developed in the early 1980s by Bosch, aiming at the automotive industry, this
protocol gained wide acceptance, and today, practically all current car manufacturers
include CAN in their models [35]. CAN is a broadcast bus designed to operate at speeds of
up to 1 Mbit/s [36] and a payload size of up to 8 bytes [37]. All the ECUs in a vehicle are
connected by a CAN Bus, which offers an average transmission speed of 500 kbps, meeting
the required speed. Additionally, various design elements of the CAN Bus communication
protocol, such as message arbitration and message validation, aid in the CAN Bus’s ability
to achieve the reliability criterion. The major challenge is understanding raw CAN Bus
messages from the Vehicle ECU. The raw CAN Bus messages contain CAN frames, and
these are not human-readable. The CAN frames must be decoded and evaluated into scaled
engineering values to make sense of the data.

In the early stage of technological advancement, the conventional approach of vehicle
performance assessment, such as the Onboard Diagnostic (OBD2), was the most common.
The performance of the vehicle for optimization and diagnosis was mostly checked via
OBD2 [38–47] and the fuel consumption study as in [48,49], as well as the numerical and
experimental determination of the optimal fuel economy in [50].

To remain up to date due to the rapid improvement in the technological process, the
vehicle’s data collection method should continue to pass through the rapid development
phase to make it easier and comply with the safety standards. For example, the study
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in [51] presented a vehicle ICT platform based on the sensor Hub framework and compared
the vehicle’s OBD2 and CAN Bus data. The study used an “ObdCanCompare” novel
measurement approach, collected vehicle sensor data, and displayed them on a smartphone.
In [52], vehicle CAN Bus data were extracted for roadway condition monitoring. The
authors in [53] conducted an outline mission profile of agricultural tractors through CAN
Bus data analytics. In [54], “the vehicle behavior was simulated with a PC connected on
the CAN BUS network designed for the HIL system”. The study in [55] identified the
differences between the solutions available on the market by comparing the FMS (Fleet
Management System) CAN standard, the OBD standard, and the Proprietary Vehicle CAN
protocol based on the measurement and analysis. The data acquisition was designed
for an EV in [56] using high-amperage current sensors and an embedded system that
records a vehicle’s input data such as current, displacement, and velocity. Some of the main
contributions of this paper are as follows:

1. Unlike the conventional approaches proposed in [38–55], this research proposes a
new methodology, an online CAN Bus data analysis with the help of Net CAN
plus 110 hardware.

2. This paper presents an optimal energy development approach for the reference vehicle
of the engineering faculty at the University of Debrecen by performing a time-based
simulation in MATLAB/Simulink, unlike the study in [57], which is limited to study-
ing the real transformation of the vehicle from conventional to hybrid.

3. The battery charge level might not guarantee optimal performance of the HEV as
proposed in [19] using the FLC technique. This paper considers almost every as-
pect of performance evaluation to ensure the optimal fuel economy of the proposed
hybrid car.

4. The proposed conventional PID controller in [13–15] and [58] might not guarantee
optimal fuel economy. The computed fitness function in [59,60] did not achieve more
stable systems; therefore, good fuel economy could not be realized. An optimal
solution is realized in this paper by computing minimum values of the integral error
objective functions. In addition to reducing the computational effort of the analytical
approach in ref. [15], PMSM is more efficient than the proposed Brushless Direct
Current (BLDC) motor as in [60] for EV application.

5. The study in [61] found the power transmission efficiency to be approximately 84%.
Moreover, the designed EV is 15% (75–60) more efficient in fuel economy than the
traditional car with an ICE. Our research has shown that the designed HEV is 31%
(91–60) more efficient than the designed conventional vehicle as in [61]. In this paper,
a transmission efficiency of 94% is achieved.

2. System Description and Design
2.1. HEV Configuration

The simulated hybrid model was driven by the diesel engine and the e-motor based on
the Nissan Leaf traction battery. A new gearbox was designed for the real hybrid version
of this car to enable the vehicle to operate in electric or engine mode. In this new model,
the front wheel was propelled by the diesel ICE, and the e-motor propelled the rear wheel.

Figure 1 shows the hybrid vehicle architecture with the DAQ system incorporated. To
read the CAN Bus messages from the control unit of the vehicle, the hardware components
consisted of the Phoenix Contact Industrial Box PC, the Phoenix Contact Quint Power
Supply Unit, the Phoenix Contact WLAN 5100, the Vision Systems Net CAN Plus 110,
the FL Switch 1000, and the Stilo STB1 Circuit Breaker. Moreover, the Phoenix Contact
Wireless Module—FL Timeserver NTP was interconnected together and connected to the
car. The host PC was connected to the Phoenix Contact Industrial Box PC remotely via a
Local Area Network using an ethernet cable. The LabVIEW software was run on this host
PC to read the CAN Messages from the EV through the four (4) Net CAN Plus 110 devices
connected to it.



Mathematics 2023, 11, 3436 5 of 19

Mathematics 2023, 11, x FOR PEER REVIEW  5  of  20 
 

 

car. The host PC was connected to the Phoenix Contact Industrial Box PC remotely via a 

Local Area Network using an ethernet cable. The LabVIEW software was run on this host 

PC to read the CAN Messages from the EV through the four (4) Net CAN Plus 110 devices 

connected to it. 

 

Figure 1. HEV configuration with DAQ system. 

2.2. Vehicle Dynamics Description 

The vehicle dynamics system in this paper is described as half a car, with 3 degrees 

of freedom (DOF), as shown in Figure 2. The tire dynamics were modeled based on the 

Pacejka Tire Formula. The vehicle and tire specifications were also adopted from our pre‐

vious papers [59,60]. 

 

Figure 2. Vehicle dynamics system [62]. 

The free‐body diagram of Figure 2, as derived in [62], is considered as follows: 

1

2

1

2

x dx gx

dz szF szR gx

yy F szF r szR x dy

w szF s

w szR s

m x F F F

m z F F F F

I L F L F h F M

m z F F

m z F F



    


    


        
    
    










 
(1)

where  xF ,  dxF ,  gxF ,  dzF ,  szFF ,  szRF ,  gzF ,  and  dyM   are  the wheel  axis 

longitudinal force, vertical drag force, gravity force component, longitudinal drag force, 

elastic force and damping force of the front wheel, elastic and damping force of the rear 

Figure 1. HEV configuration with DAQ system.

2.2. Vehicle Dynamics Description

The vehicle dynamics system in this paper is described as half a car, with 3 degrees
of freedom (DOF), as shown in Figure 2. The tire dynamics were modeled based on the
Pacejka Tire Formula. The vehicle and tire specifications were also adopted from our
previous papers [59,60].
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The free-body diagram of Figure 2, as derived in [62], is considered as follows:

m· ..x = Fx − Fdx − Fgx

m·..z = Fdz + FszF + FszR − Fgx

Iyy·
..
θ = −LF·FszF + Lr·FszR + h·Fx −Mdy

mw·
..
z1 = −FszF + Fs1

mw·
..
z2 = −FszR + Fs2

(1)

where Fx, Fdx, Fgx, Fdz, FszF, FszR, Fgz, and Mdy are the wheel axis longitudinal force,
vertical drag force, gravity force component, longitudinal drag force, elastic force and
damping force of the front wheel, elastic and damping force of the rear wheel, gravity force
component, and drag moment, respectively [62]. Also, −LF and Lr are the “longitudinal
distances from the center of mass to the front and rear axles” [62], while h is regarded as
the CG (Center of Gravity) height, respectively [62]. However, the friction (viscous force)
between the vehicles and air are directly related to the squared difference between the
vehicle and wind velocities [62].{

Fdx = 1
2 ·Cd·ρ·A

( .
x− w

)2

Fdz =
1
2 ·C1·ρ·A

( .
x− w

)2 (2)
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where Cd, ρ, and A are the coefficient of drag, air density, and vehicle front area, respectively [63].
Moreover, m, mw, and Iyy are the sprung mass, unsprung mass, and tire moment of
inertia, respectively.

2.3. Tire Dynamics Description

“The longitudinal force arising from the road-tire interaction is given by the Pacejka
Tire formula, an empirical equation based on four fitting coefficients” [64]. “The Tire-Road
Interaction block models the longitudinal forces at the tire-road contact patch using the
Pacejka Tire Formula” [64]. The constant coefficients are B, C, D, and E. The formula in
Equation (3) gives the characteristics function.

Fx = f (k, Fz) = Fz·D· sin(C·arctan{Bk− E[Bk− acr tan(Bk)]}) (3)

Table 1 presents the constant coefficients of Pacejka Tire formula under different
road conditions.

Table 1. Tire specification based on the characteristics equation [64].

Surface B C D E

Ice 4 2 0.1 1

Snow 5 2 0.3 1

Wet tarmac 12 2.3 0.82 1

Dry tarmac 10 1.9 1 0.97

2.4. ICE Modeling

The ICE can be modeled as described in [65]. Engine torque Q is related to the output
power P and the rotational speed ω by Equation (4).

Q =
P
ω

(4)

The engine efficiency η f is related to the heating value Qhv and the specific fuel
consumption SFC by Equation (5):

η f =
1

Qhv·SFC
(5)

The fuel flow rate m f is related to the SFC and P as described by Equation (6).

SFC =
m f
P

(6)

P relates the mean effective pressure MEP, the number of crank revolutions for each
power stroke per cylinder nR, the volume displaced Vd, and the rotational speed of the
crankshaft N by Equation (7).

MEP =
P·nR
Vd·N

(7)

The ICE in this research is a four-stroke engine and its MEP is related to the air–fuel
ratio F

A and the air-inlet density Pa·i by Equation (8), where ηv is the volumetric efficiency.

MEP = η f ·ηv·Qhv·Pa·i·
F
A

(8)

The volumetric efficiency is related to the mass of the air induced into the cylinder ma
in Equation (9).

ηv =
ma

Pa·i·Vd
(9)



Mathematics 2023, 11, 3436 7 of 19

The emission in the engine modeling was not modeled, since the design in theory was
assumed to comply with the euro 6d emission standard.

2.5. Motor Modeling

PMSM is broadly used for mechanical applications. However, the Field-Oriented
Control (FOC) strategy aims to control the motor torque and the magnetic field, which
can be performed by controlling components of the stator current [66]. Therefore, in the
case of the simplified equivalent PMSM model, we only analyzed the outer loop, which
uses a PI control technique to regulate the speed of the motor. Generally, a 3-phase PMSM,
using the FOC strategy, has two control loops with two PIs in the inner loop to control the
current vectors.

A PMSM is widely used to overcome the disadvantages of BLDC motors [67]. Virani et al.
in [67] employed the FOC approach to regulate the speed of the PMSM for an EV application.
Moreover, Espina et al. reviewed various studies for the FOC of the PMSMs [68]. A PMSM
is classified as the “Surface Mounted Permanent Magnet Synchronous Motor (SPMSM)”
and the “Interior Permanent Magnet Synchronous Motor (IPMSM)”.

The mathematical model of the PMSM can be described as in [69] using the (d, q) frame
of reference, where Vd and Vq, Ld and Lq, and id and iq are the stator voltage, inductance, and
current components in the (d, q) axis, respectively [69]. Using the Park transformation [69]:

P(θ) =

√
1
2
·


1√
2

cos θ − sin θ

1√
2

cos
(
θ − 2

3 π
)
− sin

(
θ − 2

3 π
)

1√
2

sin
(

θ − 4
3 π
)

cos
(

θ − 4
3 π
)
 (10)

(
Vd
Vq

)
=

(
Ra −Lq·ω
Ld Ra

)
·
(

id
iq

)
+

(
Ld 0
0 Lq

)
· d
dt

(
id
iq

)
+

(
0

φ f ·ω

)
(11)

where Ra, φ f , and ω are the stator resistance per phase, rotor flux linkage, and electrical
pulsation, respectively. The electromagnetic torque developed by the motor is given by

Cem =
1
2
·(is)·

{
d

dθm
(L)
}
·(is) (12)

where θm is the mechanical angle [69].
The motor converts electrical energy into mechanical rotational motion, supporting

the vehicle’s movement. When the car decelerates, the motor acts as a generator and
converts the mechanical energy into electrical energy, thus opposing the vehicle’s motion.
A complex PMSM was modeled to estimate the electrical efficiency of the electric vehicle.
The electrical losses of the three-phase model were used to simulate the electric car at the
system level, which captures the behavior of the complex model as adopted from [70].
Moreover, the methodology applied for vehicle modeling was adopted from [71,72]. Table 2
presents the parameters of the three-phase PMSM used in the experimental determination
of electrical losses.

Table 2. Three-phase PMSM specification [70].

Parameters Values

Stator resistance (R) 0.07 Ohm

d-axis Inductance (Ld) 0.0013 H

q-axis Inductance (Lq) 0.0039 H

Rotor Flux (Vs) 0.1447 Weber

Pole Pairs 4

Sample time (T) 2 × 10−6 s
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Moreover, the motor specification based on the maximum and rated power and torques
is presented in Table 3.

Table 3. PMSM specification based on the peak and rated values.

Parameters Specifications

Peak/Rated Power 82.3/53.5 kW

Peak/Rated Torque 173/78.6 Nm

Peak/Rated RPM 8000/6500 rpm

Time Constant 0.02 s

Series Resistance 0

Rotor Inertia 3.90 × 10−4 kg/m2

Rotor Damping 1 × 10−5 Nm/(rad/s)

2.6. Gearbox Design for the Electric Mode

After the transformation of the Crafter from the conventional to hybrid one, we
designed a new gearbox for the electric mode.

Table 4 presents the initial parameters of the gearbox and how it was used to obtain
the new gear ratio of the e-motor mode.

Table 4. Gear initial parameters [57].

Diameters, d (mm) Axial Module, m (mm) Number of Teeth, z Gear Ratio, i

d1 2.25 26
1.54

d2 2.25 40

d3 2.5 20
3.4

d4 2.5 68

d5 3 18
2.33

d6 3 42
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2.7. MATLAB Simulation

A time-based simiulation was carried out in the MATLAB/Simulink environment for
both the pure electric Crafter (e-Crafter) and its hybrid version.

Figure 5 shows the designed pure e-Crafter MATLAB model. While Figure 6 shows its
hybrid version.
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2.8. Experimental Set-Up

The CAN Bus messages of the vehicle were read from the car using four (4) sets of Net
CAN plus 110 devices. The vehicle was in charging mode during the measurement. The
Net CAN plus 110 devices with IP address 192.168.10.13 read the charging data. The Net
CAN plus with IP address 192.168.10.12 read the Inverter data. Moreover, the Net CAN
plus with IP address 192.168.10.10 read the temperature data, and finally, the Net CAN
plus with IP address 192.168.10.11 read the auxiliary data. The application was run on the
LabVIEW platform; it received inputs of the IP Address, the Port number of the Net CAN
plus 110 devices, and the Bus Speed of 500 Kbps. However, the user clicks on the Open
button, and the CAN Channel opens to connect to the Net CAN plus 110 devices to read
the CAN data from the car. Figure 7 shows the experimental set-up for CAN Bus analysis
of the vehicle.
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Figure 7. Experimental set-up: (a) the hardware connection of the enclosed box seen on the vehicle;
(b) the part of the vehicle containing the electrical part and the hardware connection in the enclosed
box for the Net CAN Plus 110; and (c) the laptop connected to the vehicle with NI LabVIEW running
for reading the CAN Bus messages.

3. Simulation and Experimental Results
3.1. Simulation Results

This subsection presents the results obtained from the simulation analysis. The pure
e-Crafter and hybrid versions were simulated in a MATLAB/Simulink environment. The
models consist of a Nissan Leaf battery, a PMSM and drive, transmission systems, a diesel
engine, and a vehicle dynamic subsystem. The transmission system consisting of a gearbox
manages the power distribution to the wheel translated into vehicle movement. The
engine’s rated power is 52 kW, where the peak and rated currents are 418 A and 166 A,
respectively. The ratio of the maximum tractive force to the normal force is the tractive ratio
or coefficient of traction, just like the friction coefficient. Therefore, it must overcome the
resistance forces described in Section 2.2 for the vehicle to move. The tractive force needed
to propel the vehicle under a flat surface was calculated to be within the acceptable amount
of the battery, the engine, and the motor-rated values. Figures 8–10 show the simulation
results obtained from the drive cycle input test. Figures 8–10 show the simulation results
that are fully explained in Section 4.

3.2. Experimental Results

This subsection presents the results obtained from the experimental analysis and
comparison with the simulations. The experimental verification of the theoretical findings
was carried out to understand vehicle performance and behaviours. One of the means
of obtaining information about the modes and operation of cars is from the CAN mes-
sages, also known as CAN frames. This article compared the simulated and measured
results, keeping the simulation results as the benchmark. Figures 11–13 show some of the
experimental and simulation results. From the experimental results, we can validate and
determine the effectiveness of our design. This, however, makes it easy for researchers and
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engineers to use the data for further modeling and improvement in vehicle parameters such
as battery capacity, motor size, and energy consumption. The analysis and interpretation of
the experimental and simulation results are presented in detail in Section 4.
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small space between the motor and the battery power indicates a small loss in power transmission
from the Nissan Leaf battery to the e-motor.
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battery when the vehicle was in charging mode. (b) The simulated and measured battery state of the
charge (SOC) when the car was discharging plotted against the time.
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Figure 13. (a) The measured Nissan Leaf current plotted against time. (b) The vehicle’s reference
and actual speeds (13 km/h) controlled by the PI algorithm from the MATLAB software (MATLAB
R2021b, MathWorks, Natic, MA, USA).

4. Discussion

The tests conducted using HWFET and WLTP input profiles based on a PMSM rear-
wheel traction machine are presented in Figure 8a,b. WLTP is the standard drive cycle
used for conventional vehicles with ICEs to determine the emission level of hybrid or pure
electric cars. In hybrid cases, the test is usually conducted to ascertain fuel consumption.
This research evaluates fuel economy and the energy consumption per 100 km traveled by
the designed car, achieving a maximum speed of 45 km/h in 180 s.

Simultaneously, the vehicle was tested at a top speed of 80 km/h in the case of the
HWFET drive cycle in 180 s. The results explored through MATLAB simulation reveal
the proposed controller’s promising potential in tracking the vehicle trajectory in both
cases. The electrical and mechanical power are illustrated in Figure 8c, being approximately
52 kW and 47.4 kW, respectively. However, the only usable power in the engine during this
test was 20 kW, as shown in Figure 9d.

The corresponding mechanical and electrical energy of the system is shown in Figure 8a.
The small gap between the plots represents the energy lost in transmission from the energy
supply system, i.e., the battery, to the motor. The enegy and power density of the Nissan
Leaf battery pack were 140 Wh/kg and 2.5 kW/kg, respectively. The energy consumed
per 1 km travelled by the vehicle was approximately 0.22 kWh, shown in Figure 8a. The
simulated current of the Nissan Leaf battery was 150 A due to the WLTP test procedure,
depicted in Figures 9b and 10b for both pure and hybrid versions of the vehicle. In the case
of the hybrid car, the battery current was 150 A during acceleration and −150 A during
deceleration. In contrast, for the pure electric, the battery current was 150 A during the
acceleration and −90 A during the deceleration.

The motor torque is shown in Figure 10a during the four-quadrant operation of the
e-motor. Positive and negative torque or power are due to the motoring and generation
action of the e-motor. When the vehicle accelerates, the motor operates in the first quadrant,
and its speed and torque are both positive. Consequently, the motor converts electrical
energy into mechanical rotational motion, supporting the vehicle’s movement. When the
car decelerates, the motor acts as a generator and converts the mechanical energy into
electrical energy, opposing the vehicle’s motion. However, the speed–torque envelope of
the e-motor demonstrates an excellent performance as it has static characteristics shown in
Figure 9c, known as the contour plot of the PMSM. The yellow color indicates low loss and
high efficiency of the PMSM. However, the constant power of the motor in Figure 9c over a
range of speeds proves the promising potential of our proposed motor for EV applications.

The experiment was conducted at the Department of Mechatronics Engineering, the
University of Debrecen. Three scenarios were considered: the first and the second were
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when the vehicle was in the charging mode and when it was discharging, respectively.
The data were collected based on these scenarios, and no information regarding energy
consumption was recorded. The third condition involved conducting a field test. However,
only a top speed of 20 km/h is permitted for the actual vehicle. The vehicle was tested at
a speed of 13 km/h, as shown in Figure 13c, at Dakar Ring, Hajdúhadház, Hungary. The
DAQ system implemented in this article worked effectively, but a more flexible approach
would be needed to assess the vehicle’s performance from the engine control unit via CAN
Bus analysis. Additionally, the error frames received during decoding messages make it
difficult to identify all the data on the CAN network.

The vehicle’s measured voltage while charging increased from 260 V to 388 V. For
the simulation, the battery’s nominal voltage was at 360 V and steady within 180 s. The
charged capacity of the battery was 55 Ah when the Leaf battery increased to 388 V, which
is 11.2 Ah away from reaching the peak capacity of 66.2 Ah at the maximum voltage of
403.2 V. The physical engineering CAN data were calculated using low- and high-byte
values in the 1st and 2nd bytes of the CAN Bus frame of the corresponding CAN ID. To
obtain the actual measured voltage, we added the low byte and the high byte because the
CAN Bus message comprises 8-bit data; 16-bit data are calculated using the low byte and
high byte. The high byte, which is 1, is an 8-bit value multiplied by the highest value of the
low byte, which is 255. In this way, we decoded the raw CAN data from the hexadecimal
into engineering values with the help of the CAN DBC file. However, significant differences
were noted between the simulated and measured voltages and the SOC. This means that
the experimental results are not optimal, while the simulation results, used as a benchmark,
are optimal and can be used to perform system identification to manage our actual vehicle
power and energy level.

The measured and simulated battery SOC were 71.5% and 72.5% at 180 s, respectively,
as shown in Figure 11b. The simulated SOC started at the same initial SOC of the actual
vehicle, which was 73%. The same applies to the battery capacity in Figure 12a. In this
situation, the vehicle was in discharging mode to compare the simulated and measured
results. Moreover, the measured maximum battery current of the Nissan Leaf battery for
the car was 180 A, as shown in Figure 13a. A Leaf battery cell can draw up to 90 A, and
the total current of the pack is simulated to be 180 A. This showed that our Nissan Leaf
battery was drawing its maximum current during the charging mode. During the field
test, the vehicle was first tested at 13 km/h, and the PI controller in MATLAB/Simulink
software (MATLAB R2021b, MathWorks, Natic, MA, USA) controlled its simulated speed.
The result of the test is shown in Figure 13b. The simulation results show an increase
in battery consumption since vehicle consumption depends on the battery as the energy
source. In the discharging mode, the initial and measured current capacities of the Leaf
battery were 55 Ah and 53.5 Ah, respectively. Then, the remaining battery capacity would
be 23.34 kWh. Therefore, for the simulation, the initial and final current capacities were
55 Ah and 54.7 Ah, respectively. Then, the remaining energy capacity would be 23.87 kWh.
Therefore, for the simulation, the battery stored more energy out of its total energy capacity.
With the simulation, through a system identification, the Nissan Leaf battery in our VW
Crafter could be improved to over 8 years and range of up to more than 135 km.

The fuel consumption was assessed in Liter/100 km, km/Liter, Mile Per Gallon
(MPG), and Total Fuel Used (TFU) in liters (L). The diesel engine is a TDI CR, 2.0 L. The fuel
consumption was approximately 2.8 L/100 km and 36 km/L. The enhanced PI controller
has demonstrated good tracking capability for vehicle-speed-based WLTP and highway
profiles. The system’s uncertainties, coupled with the issue of nonlinearities and parameter
variations, originate from operating conditions like temperatures, humidity, and other
considerable factors. They could significantly affect the performance of the controller in this
research. The designed PI controller was set based on the performance matrices obtained by
taking several experiments until optimized gains were realized. The system was stabilized
with several iterations, and the minimum values (close to zero) of these performance
indices were computed iteratively. These errors are based on the codes obtained from the
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mathematical formulations of the integral square error according to disturbance rejection
and system robustness of the proposed PI controller [73]. IAE is the integral absolute error,
ITAE is the integral time absolute error, ISE is the integral square error, and ITSE is the
integral time squared absolute error used for this purpose.

However, the results presented in Tables 5–7 were analyzed on the basis of these
indices. The aim was to keep them as close to zero as possible to achieve an optimized
system performance in our vehicle. Similar to commonly used control response criteria,
such as settling time, the results based on these performance indices were analyzed with
respect to the PI controller parameters. With ISE, a frequent faster response would be
achieved. An ITAE value of 8.1543× 10−5 significantly improved the system response’s
overshoot at controller gains of 2000 and 700, as presented in Table 5. The optimal fuel and
energy at these gains were 2.769 L/100 km and 22.09 kWh/100 km, respectively, while the
consumed fuel was 84.94 MPG.

Table 5. Battery energy consumption for the HEV and the computed objective functions.

Vehicle
Controller Speed Ref. Performance Indices Energy Economy

(kWh/100 km)

Kp Ki IAE ISE ITAE ITSE

1500 2000 WLTP 0.0887 3.9468× 10−4 0.8553 0.0037 22.07

2000 2000 WLTP 0.0780 3.0490× 10−4 0.7670 0.0029 22.08

2000 1500 WLTP 0.0574 1.6524× 10−5 0.5669 0.0016 22.07

1000 600 WLTP 0.0029 5.9647× 10−7 0.0368 8.6933× 10−6 22.09

2000 700 WLTP 0.0918 0.0403 8.1543× 10−5 8.0297× 10−4 22.09

Table 6. Battery energy consumption for the pure e-Crafter and the computed objective functions.

Vehicle
Controller Speed Ref. Performance Indices Energy Economy

(kWh/100 km)

Kp Ki IAE ISE ITAE ITSE

700 800 WLTP 0.3753 0.0071 3.6593 0.0670 22.75

700 600 WLTP 0.4243 0.0090 4.1354 0.0856 22.76

600 500 WLTP 0.4907 0.0121 4.7829 0.1145 22.77

1000 800 WLTP 0.3106 0.0048 3.0381 0.0462 22.74

2000 1000 WLTP 0.1387 9.6148× 10−4 1.3739 0.0094 22.73

Table 7. Fuel economy for the HEV Crafter.

Kp Ki Drive Cycle (km/h) L/100 km km/L MPG TFU (L)

1500 2000 WLTP 2.769 36.11 84.95 0.02476

2000 2000 WLTP 2.769 36.12 84.95 0.02476

2000 1500 WLTP 2.769 36.11 84.93 0.02476

1000 600 WLTP 2.774 36.05 84.79 0.0248

2000 700 WLTP 2.769 36.11 84.94 0.02476

The IAE value alone cannot be used to assess the vehicle performance, due to its slower
response but less oscillation in the response compared to ISE and ITSE. Therefore, the
average experimental fuel consumption of the conventional VW Crafter was 10.1 L/100 km,
and consumption in MPG was 28. The experimental results of the VW Crafter manufactured
in 2018 showed a fuel consumption of 10.8 L/100 km and 26 MPG. As proposed in this
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research, the simulated results demonstrated a significant conversion of the conventional
VW Crafter to a hybrid because of the drastic reduction in fuel consumption.

Briefly, the results presented in Tables 5–7 represent the optimal consumption of
the pure and hybrid versions of the vehicle at different levels of the driver input. As
the gains of the controller changed, the energy value continued changing from 22.09 to
22.07 kWh/200 km in the case of the hybrid vehicle. The energy consumption increased
when the vehicle operated in electric mode, as presented in Tables 5 and 6, because the
battery was the sole energy source in this mode. A manual tunning approach was applied
to iteratively compute the performance indices for the controller to realize optimal fuel
economy. Using GA to predict an optimal tracking of the control algorithm iteratively took
longer than expected owing to the complexity of the system, which is not presented in this
article. Therefore, future studies will consider more simplified models, and the Bacterial
Memetic Algorithm (BMA) could be suitable for realizing the optimized efficiency of the
designed vehicle.

5. Conclusions

In this paper, an optimal control design was carried out based on the mathematical
background description of the VW Crafter vehicle, introducing a new methodology for
vehicle data analysis, particularly in the field of electric vehicle engineering. The vehicle
controller was designed on the basis of an enhanced PI control algorithm to meet the
potential requirements of the anticipated robustness and fast response tracking capability.
The development and evaluation of the PI controller were conducted using integral cost
functions. Following the hybrid conversion of the vehicle, an HIL method was implemented
to acquire the vehicle CAN Bus data. The experimental and simulation results were
compared. Furthermore, the enhanced PI controller was developed to seek an optimal
solution for fuel economy. This was achieved by compensating for disturbances from
the motor and external environment, along with model uncertainties and nonlinearities
inherent in the vehicle system. Consequently, the optimal tracking accuracy of the controller
demonstrated through the simulation would significantly contribute to obtaining our
vehicle’s optimized parameters through system identification for further analysis.
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