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Abstract—This paper presents a method to model losses of the
electric drive for electric vehicles from the limited information
provided in the efficiency map. A Particle Swarm Optimisation
(PSO) algorithm and simple loss model based method is used to
extract the loss coefficients from the motor drive efficiency map.
The copper loss, hysteresis loss, eddy current loss and windage
loss of the motor and switching and conduction losses of the
inverter are considered. The method is used to analyze how
to increase the range of heavy duty electric trucks. Sensitivity
analysis is performed to identify the key parameters contributing
to the range. Influence of different powertrain architectures
on the range are studied. The proposed method proves to be
effective. Comapred to directly applying the efficiency map, the
proposed method provides more insigts into the loss distribution
in the inverters and motors, reveals the key factors influencing
the powertrain loss and can be used to guide the optimisation of
the powertrain architecture and motors for future designs.

I. INTRODUCTION

Heavy-duty vehicles play an important role in global and
urban emissions in the transportation sector. Nowadays, more
tractor manufacturers are joining the electrification transi-
tion and building their medium-duty and heavy-duty battery
electric vehicles (BEV). Software modelling and testing of
electric drive module prototypes enable risk reduction and
demonstrate whether or not specific designs are viable in
an early stage, thus accurate modelling of the loss in each
powertrain component is necessary [1].

The efficiency map of the powertrain components is often
used in industry to estimate the energy efficiency or range of
the vehicle. However, how the detailed loss distribution in the
inverter and the motor is unknown if the efficiency map is used
as a black-box. A comprehensive knowledge on these losses
and their share are necessary for the design and optimisation
process to improve range. The information can be obtained
from experiments or finite element modelling methods [2].
However, with limited information accessed from subsystem
manufacturers, such as the efficiency map and the motor rating,
this approach is not feasible.

This paper presents a method to extract the loss models
of electrical powertrain components from the efficiency map.

By combining loss models with the efficiency map, loss coef-
ficients are identified using the Particle Swarm Optimisation
(PSO) algorithm. Compared to the black-box like efficiency
map, the loss models with extracted coefficients provide an
insight into the key influence factors of the losses and their
share in the powertrain components. Then the loss models are
used to estimate the range of the truck.

Based on the extracted models, the paper investigate into the
range extension of the heavy-duty BEV by comparing different
vehicle parameters and powertrain architectures. A simulation
based sensitivity analysis is performed by varying the vehicle
parameters to understand its influence on energy efficiency and
driving range of the BEV. The simulation results are observed
for a specific driving profile provided by the manufacturer
and validated by the real-world driving range data. Finally, a
comparison with two other possible powertrain architectures is
presented and their results are discussed. Compared to existing
methods for range estimation and sensitivity study based on
detailed models or only efficiency maps, the proposed method
is able to link the loss with the underline physics and provide
a possibility to guide the powertrain optimisation when limited
information is available.

In Section II, the models for individual losses will be
presented, and how PSO is used to extract the loss coefficients
from the efficiency map is shown. A sensitivity study based
on the developed models will be carried out in Section III.
In Section IV, two powertrain architectures will be compared
based on the analysis. Then the conclusion is drawn in Section
V.

II. LOSS MODELLING AND PARAMETER IDENTIFICATION

The investigated powertain uses an voltage source inverter
driven permanent magnet synchronous machine (PMSM). A
200 kW motor from Siemens ELFA series is chosen and
IGBT modules compatible to its power rating is chosen from
Semikron International for the inverter. Main specifications of
the PMSM drive and its reference efficiency map are shown
in Table I and Figure 1 respectively.

978-1-7281-7583-6/21/$31.00 ©2021 IEEE 875

Authorized licensed use limited to: TU Delft Library. Downloaded on August 13,2021 at 08:59:18 UTC from IEEE Xplore. Restrictions apply.



TABLE 1
MAIN SPECIFICATIONS OF INVESTIGATED PMSM DRIVE

Parameters Values
Rated voltage 650 V
Rated current 300 A
Rated power 200 kW
Max. power 240 kW
Rated torque 2000 Nm
Max. torque 3800 Nm
Max. speed 3500 r/min
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Fig. 1. Efficiency map of the investigated motor drive.

A. Motor loss calculation

1) Copper Loss: copper loss is due to the electrical resis-
tance in the winding, which is proportional to the square of
the current flowing through the three phases. At low speed the
current can be considered to be proportional to the current, so

Copper loss = 3I°R, = k.T?, (D)

where k. is a constant of proportionality which is dependent
on the resistance of the winding and the magnetic flux, 7" is
the torque. In the flux weakening region the right most part of
(1) is invalid. Therefore, the stator resistance R is calculated
by dividing the copper loss with current at low speeds. The
current calculation is explained in Subsection II-C. Using the
calculated stator resistance and the changing current value, the
copper loss in the flux-weakening region is calculated.

2) Iron Loss: Tron Loss: The iron loss model is derived
based on the iron loss equation by neglecting the excess
loss [3], [4]:

Eddy current loss = kedwz, Hysteresis loss = kpw, (2)

where k.q and kj, are proportionality constants, and w is the
motor angular speed.

3) Friction and Windage Loss: The power loss from these
two resistive torques is calculated by multiplying with the
angular velocity and hence the following is obtained:

Friction loss = Tyw, Windage loss = kwws 3)

Here, T} is the friction torque and k,, is constant which is
obtained from the size and shape of the motor and is also
dependant on the presence of a cooling fan.

Since both the hysteresis loss and the friction loss are
proportional to the angular speed, they can be combined into

one term for modelling. Hence, the overall equation can be
written as

Motor loss = kT2 + kpw + kegw? + kypw? 4

Be aware that the copper loss in the field weakening region
has to be tackled separately.

B. Inverter Loss Model

This paper elaborates on the switching and conduction loss
calculation of individual IGBT and reverse recovery diode
which is further scaled to estimate the total inverter loss of a
two-level three-phase inverter. The modulation technique for
the inverter considered is sinusoidal pulse width modulation.

Losses in the driver circuit and passive components includ-
ing the filter inductor or capacitor are assumed to be negligible.
On-state conduction loss, turn-on and turn-off switching losses
are considered for IGBTs and the on-state conduction loss and
turn-off (reverse recovery) losses are considered for diodes.
The reverse blocking losses of the IGBTs and the turn-on
losses of the diodes are assumed to be negligible. The diodes
are assumed to have a fast diode turn-on process and hence
the turn-on losses are neglected in the following method.

¢ IGBT and diode switching times and dead-time are
neglected;
« Junction temperatures are assumed to constant throughout
the operation;
o Switching ripples of the currents are neglected.
1) Conduction Losses: The conduction losses are con-
tributed by the IGBT and the diode in the IGBT module
together:

Pcond, total — Pcond, diode + Pcond, IGBT- (5)

The conduction loss can be calculated from the current flowing
through the device 745, their on-state resistance R,, and
forward voltage V;:

Pcond = Vdid + Ronizs (6)

Duty cycles of the devices have to be considered in the
calculation, which is able to be derived from the modulation
index, as shown in [5].

2) Switching Losses: The turn-on and turn off loss per
switching period per device can be calculated as [6], [7].

K;

V2 Im
Psw:fszEon+off7>< =
T \/ilref

Vpe \ ™
X () X (1+TCsp. (T; — Tref)), (D
Vre f
where E,,, 1,7 represents energy lost during turn-on and turn-
off of IGBT or the reverse recovery E,, energy of the diode,
fsw 1s the switching frequency, K; and K, are the current
and voltage dependencies of switching loss respectively, I,
is the amplitude of the inverter current, Vpc is the DC
voltage and V,..; and I,.s are the reference DC voltage and
DC current respectively to which the energy lost correlates.
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TC,, is the temperature coefficient for switching losses, T
is the junction temperature and 7T,y is the reference value of
temperature. Those parameters are set based on the reference
values available in the datasheet of the IGBT module.

The IGBT turn-on and turn-off losses and the diode reverse
recovery losses are added to estimate the total switching loss:

Py, total = Paw, 16BT(on) + Paw, 16BT(0ft) + Psw, diode-  (8)

The losses experienced by the power devices is modelled on
only one module. As the inverter operation is symmetrical, this
is scaled to all the modules by multiplying with the number
of modules. In this case, the total power loss of the inverter
P;,. is given by the equation:

Bmz =6 x (Pcond + Psw) (9)

The advantage of using this approach to calculate the
approximate switching and conduction loss is that the coef-
ficients required for calculation can be extracted directly from
the datasheet of the power electronic module. However, the
current varies at flux weakening region and it is important
to calculate the current flowing to the motor under different
operating conditions.

C. Current Calculation

Current calculation should be calculated in two separate
ways for the low speed region and the high speed region
with field weakening. At low speeds, I; = 0 control is
used to achieve Maximum Torque per Ampere (MTPA). At
higher speed, the motor operates at constant power with field
weakening.

1) Low Speed: In this case, all the current from the inverter
is assumed to be applied on the g-axis. Hence i, is taken to
be the amplitude of the AC output current, which is related to
the DC current drawn from the battery. The current amplitude
can be calculated from the torque at the operation point via a
proportion.

2) Field Weakening Region: In the field weakening region
at high speed, it is assumed that constant power operation is
realized while voltage is kept at the rated value. The current
in the inverter is now estimated from the mechanical power
by neglecting the losses:

7 Tw
A
o \/g‘/rated
D. Loss Coefficient Identification

(10)

Particle Swarm Optimisation (PSO) is a simple yet very
powerful optimisation algorithm which utilises only primitive
mathematical operators making it computationally faster with
low memory requirement [8]. A PSO algorithm has a popula-
tion (called swarm) of candidate solution (called particles).
This computational method tries to improve the candidate
solution by continuously moving the particles in a search
space according to few mathematical formulae which helps
determine its new position and velocity in the search space

[9].

The PSO algorithm as shown in Figure 2 is used to identify
the loss coefficients in the loss models. The vector x;(t)
denotes the position of the ¢-th particle in the time step t.
The elements of the vector are the loss coefficients: k., &y,
keq, and k,, in (4). Each of the particles has a velocity

Initialise population (No. of particles =
50) with random position and velocity

k2

For each iteration (100)

¥

For each particle x

k2

Evaluate fitness function

'3
If fitness(x) > fitness(ppest ),
then ppese = x
Y
If fitness(ppest) > fitness(gpest),
then gpest = Ppest
3
| Update velocity |
3
| Update position |

Is it last
particle?

Yes

Is it last
iteration?

Yes

Fig. 2. Flowchart of PSO Algorithm [10].

associated to it along with its position denoted by w;(t).
Velocity defines the movement of the particle in the search
space which includes direction, distance and step size. In this
technique, the particles interact with each other to find the
best solution. The fitness function is defined to to maximize
the match between the efficiency map plotted using the loss
constants and the reference efficiency map. A total of 100
iterations with a swarm size of 50 particles are used to identify
the coefficients. To observe the randomness of the initialisation
and convergence of solution, the program can be repeatedly
run for five times, showing the same converged results with
different initial values, as can be seen from Figure 3.

The coefficients identified are k,, = 0.001882, k, =
14.7255, keq = 0.003641, k, = 1.7761 x 10~5. Figure 4
shows an error plot by taking the difference between the
calculated efficiency map based on the identified coefficients
and the reference efficiency map. It can be seen that In
majority of the torque-speed region, the error is below 0.5%.
The error in the low torque and low speed regions is relatively
larger because of the non-linearities which are not considered
and other assumptions made in the loss modelling.
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Fig. 3. Cost improvement curve for five sample runs of the PSO algorithm.
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Fig. 4.  Error between the calculated efficiency map and the reference
efficiency map.

ITII. SENSITIVITY STUDY AND RESULT INVESTIGATION

A forward-facing powertrain model is built using the ob-
tained loss models. The model takes the drive cycle data as an
input and includes the driver model, motor drive model, battery
model, vehicle dynamic model and the transmission model.
The vehicle parameters are retained from the information
obtained from the manufacturers data. From the simulation,
the energy efficiency of the heavy-duty BEV is obtained and
is validated with the real world data from the manufacturer.
The drive cycle used is from a real world test carried out by
DAF for a heavy duty electric truck. The motor drive operating
points in the studied drive cycle shown in the calculated
efficiency map are presented in Figure 5. It can be seen a
considerable portion of the operation points fall out of the peak
efficiency region, which indicates there is space to improve the
energy efficiency of the powertrain.

To perform the sensitivity analysis, a range of parameters
are identified that have a significant influence on the energy
efficiency of a heavy-duty BEV [11]. Table II shows the list
of most sensitive parameters identified and the percentage

Torque (N.m)

0 50 100 150 200 250 300 350
Speed (rads™)

Fig. 5. Operation points of the motor drive shown in the efficiency map
under the studied drive cycle.

increase in the BEV range for a 5% change of the vehicle
parameter. For the radius of the wheel and transmission
efficiency, 5% is increased from the reference value while
for other parameters (mass, coefficient of rolling resistance,
auxiliary power) 5% is decreased.

It can be seen that the truck mass and coefficient of rolling
resistance are the most influencing parameters. Based on
design choices, a wheel with a larger radius and the energy
efficient auxiliary system will improve the range. Figure 6
shows the share of different losses calculated from the loss
models with two wheel radii, which is impossible to be
obtained from a conventional efficiency map approach. It can
be seen that the major difference in losses is contributed
by the motor, rather than the inverter. The loss components
that are directly dependent on the speed of the motor such
as hysteresis, eddy current, and windage loss are reduced
when a bigger wheel is used. As expected, the copper losses
increase for the bigger wheel as higher torque/current is drawn
from the motor. It would be interesting to further optimize
the powertrain for the studied drive cycle by optimizing the
motor considering the radius of the wheel. Finally, opting for
the most aerodynamic body for the truck and energy efficient
design of auxiliaries are promising ways to improve the energy
efficiency.

Motor Losses for two wheel radii
! 9.555 |

B
T

8.696

Il Wheel of radius 0.4748 m
EEWheel of radius 0.5217 m

5769 5959

Energy Loss (in kWh)

o M & o ®
T

0955 719

‘Copper Loss Eddy Current Loss Hysteresis Loss

Windage Loss

Inverter Losses for two wheel radii

Il Wheel of radius 0.4748 m
2 EEWheel of radius 0.5217 m

1.594 1.625

1.036 1.061

Energy Loss (in kWh)

Switching Loss Conduction Loss

Fig. 6. Loss breakdown of two wheel radius configurations.
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TABLE 11
INCREASE IN RANGE FOR A 5% CHANGE IN VEHICLE PARAMETERS

Parameter % Increase in Range
Truck mass 7.98
Rolling Resistance Coefficient 7.32
Radius of the wheel 6.13
Transmission Efficiency 3.64
Auxiliary System 1.73
Aerodynamic drag 1.30

IV. POWERTAIN ARCHITECTURE COMPARISON

In this research, two kinds of powertrain architectures are
compared and modelled to analyse the improvement in the
energy efficiency of the BEV. The two architectures are: two-
speed transmission with a 200 kW single motor powertrain
and dual-motor powertrain with two 160 kW motors. These
two architectures are chosen over other options owing to its
advantage of simplicity in design and implementation for a
production vehicle.

A. Single motor powertrain with two-speed transmission

Two gears of different gear ratios are chosen by trial and
error with the focus to improve the energy efficiency. In the
simulation result presented, the gear shift from first gear to
second is at speed of 35 km/h. For this study, the transmission
efficiency is assumed to be the same as the efficiency of a
fixed-gear transmission. The first gear is retained from the
previous model and the second gear is taken to be of lower gear
ratio. By doing so, the operation points are more concentrated
to the peak efficiency region in the center of the efficiency
map. From Table III, it can be seen that by using this two-
speed transmission, the energy efficiency can be improved by
1.75%. Further study in this architecture can be seen in [12],
[13], [14], [15].

B. Dual motor drive system

The powertrain architecture modelled is a dual-motor pow-
ertrain with all-wheel-drive capabilities which implies that
a motor is attached in the front and rear axle via a fixed
reduction gear [16], [17]. Two 160 kW motors from Siemens
ELFA series are used from this architecture and IGBT modules
compatible to these motors are chosen. The efficiency maps
for 160 kW motors are not available and hence, the efficiency
map of 200 kW motor is fitted into the torque-speed graph of
the 160 kW motor by changing the y-axis scale from 0-3800
Nm of 200 kW motor to 0-2500 Nm to match the torque limits
of 160 kW motor. This efficiency map was used as a reference
efficiency map in the PSO algorithm to extract the motor loss
constants. It is to be noted that this efficiency map is based
on assumption and could be different from the actual values.

The dual motor powertrain model with two 160 kW motor is
simulated with the updated motor and inverter specifications.
From the simulation results in Table III, it can be seen that
9.11% improvement is seen in a dual-motor powertrain when
compared to the 200 kW single motor powertrain. One of the
main reason for this improvement in energy efficiency is that
both the 160 kW motors operate at closer to the peak efficiency

region in the center of the efficiency map. As can be seen from
Figure.

2500
2000
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a

g

o 8

a
3
3

-1000
-1500

-2000

-2500

I I I I
200 250 300 350

Speed (rad.s™)

I I
0 50 100 150

Fig. 7. Operation points of the 160 kW motor in the dual-motor powertrain.

TABLE III
ENERGY EFFICIENCY COMPARISON BETWEEN DIFFERENT POWERTRAIN
ARCHITECTURES

Energy Efficiency  Range for 150 kWh

[kWh/km] battery pack [km]
200 kW' Single-motor 1.4514 103.35
single-speed powertrain
200 kW Smg]e—motpr 1.4265 105.15
two-speed powertrain
160 kW Dual-motor 1.3301 11277

powertrain

V. CONCLUSION

This paper demonstrates the use of the PSO algorithm to
extract the motor and inverter losses from an efficiency map
of a PMSM drive. This algorithm has proven to be computa-
tionally inexpensive and fast in approaching optimal solution.
Compared to directly using the efficiency map for powertrain
simulation, the proposed loss model approach provides more
insight into the sources and sharing of the losses without
sacrificing the computational time.

The paper also presents the key parameters that have the
most influence on the energy efficiency of a heavy- duty
vehicle by carrying out a sensitivity study. Truck mass and
rolling resistance coefficient are identified as the most sensitive
parameters. Up to 7.98% and 7.32% increase in range was
observed respectively for a 5% change from the base value
of each of the parameters. From the other four parameters
considered, opting to increase the wheel radius, improve the
powertrain efficiency, utilise an efficient auxiliary system and
reduce the aerodynamic drag coefficient improves the overall
energy efficiency in the mentioned order. Among the different
powertrain architectures, dual motor drive system with all-
wheel-drive capabilities shows an improvement of 9.11% and
single motor powertrain with two-speed transmission shows an
improvement of 1.75% in the energy efficiency of the heavy-
duty electric vehicle.
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