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Abstract: The development of accurate dynamic battery pack models for electric vehicles (EVs) is
critical for the ongoing electrification of the global automotive vehicle fleet, as the battery is a key
element in the energy performance of an EV powertrain system. The equivalent circuit model
(ECM) technique at the cell level is commonly employed for this purpose, offering a balance of
accuracy and efficiency in representing battery operation within the broader powertrain system. In
this study, a second-order ECM model of a battery cell has been developed to ensure high accuracy
and performance. Modelica, an acausal and object-oriented equation-based modeling language,
has been used for its advantageous features, including the development of extendable, modifiable,
modular, and reusable models. Parameter lookup tables at multiple levels of state of charge (SoC),
extracted from lithium-ion (Li-ion) battery cells with four different commonly used cathode materials,
have been utilized. This approach allows for the representation of the battery systems that are
used in a wide range of commercial EV applications. To verify the model, an integrated EV model
is developed, and the simulation results of the US Environmental Protection Agency Federal Test
Procedure (FTP-75) driving cycle have been compared with an equivalent application in MATLAB
Simulink. The findings demonstrate a close match between the results obtained from both models
across different system points. Specifically, the maximum vehicle velocity deviation during the
cycle reaches 1.22 km/h, 8.2% lower than the corresponding value of the reference application. The
maximum deviation of SoC is limited to 0.06%, and the maximum value of relative voltage deviation
is 1.49%. The verified model enables the exploration of multiple potential architecture configurations
for EV powertrains using Modelica.

Keywords: lithium-ion battery; battery modeling; equivalent circuit model; electric vehicle; dynamic
simulation; Modelica

1. Introduction

Technological advancements in the area of energy storage are expected to accelerate
the transition to a global energy sector with a significant reduction in air pollutant emissions
by limiting the combustion of fossil fuels. Among other benefits, these advancements will
enable the maximum possible exploitation of renewable energy sources (RES) through
temporal power flexibility and the electrification of mobility. The ongoing progress in
research, industry, and policymaking positions lithium-ion batteries as a key solution in
the field of energy storage.

From a technological perspective, the turning point for the establishment of lithium-ion
batteries as a mass energy storage option is marked by several breakthroughs:
(i) a significant increase in battery energy and power density, thereby reducing raw mate-
rial costs; (ii) the optimization of the life-cycle logistics of raw materials in a sustainable
and environmentally friendly manner; and (iii) the optimal integration of batteries within
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broader energy systems, such as electric vehicles (EVs), distributed generation plants, and
large continental power grids. A key process in achieving the latter is creating an efficient
and accurate framework for battery modeling.

In this respect, battery models should have the capability to couple with models
of multi-domain physical systems. For example, an EV includes mechanical, electrical,
electronic, and hydraulic subsystems that should be studied at the level of an integrated
system. The authors of [1] define two approaches to performing multi-domain modeling:
co-simulation of specialized professional software for each subdomain; or utilization of
a unified multi-domain modeling language. The first approach is associated with specific
difficulties for broad system modeling, namely, increased costs for using multiple software
products and technical difficulties in model coupling and solver setup. The second approach
offers the advantageous feature of convenient coupling between system models. Modelica,
an acausal, object-oriented language governed by mathematical equations to model multi-
domain cyber–physical systems from first principles with the advantage of extendable,
modifiable, modular, and reusable models, belongs to this category [2].

Battery models that are widely used can be classified into three main categories:
(i) electrochemical models [3]; (ii) data-driven models (e.g., artificial neural network–ANN) [4];
and (iii) equivalent circuit models (ECMs) [5,6]. Batteries are integrated within broader
systems, such as, in the case of EVs, through a battery management system (BMS) that
targets optimal performance in terms of energy efficiency, safety, and remaining lifetime.
On top of that, an adequate balance between model accuracy and computational com-
plexity is necessary. For this purpose, the ECM is widely selected since it enables the
representation of battery operation dynamics without delving into complex electrochem-
ical internal phenomena, yet ensuring high accuracy within its applicable scope and the
ability to conveniently couple with a thermal model [7]. This is achieved by limiting the
large computational power needed by electrochemical models and the large experimental
datasets needed by ANN models. ECM utilizes an equivalent electrical circuit to capture
the battery response dynamics. The circuit encompasses parameterized components of
a voltage source, a series resistor, and multiple resistor-capacitor (RC) branches.

Recent research includes several case studies on the implementation of battery ECMs
for integration into EV applications using equation-based modeling languages. In ref [8],
an ECM with a capacity degradation component has been developed with Modelica for
a lithium iron phosphate (LFP) lithium-ion (Li-ion) battery cell. Manufacturer datasheets
and test cycles have been used to validate the cell model with a maximum error of 11.5 mV.
The simulations refer only to a single-cell operation and do not focus on the battery
pack and its integration within an EV. Bairwa et al. [9] have designed a battery model to
create an EV powertrain system model with MATLAB Simulink in order to evaluate the
performance of different combinations of possible battery and motor technologies. The
findings contribute to the efficient modeling of EV powertrains. However, the battery
pack has been modeled as a single cell, and the utilized ECM topology differs from the
usual selection as it consists of a series resistor and two capacitors. Additionally, the
applied load refers to a short period of 20 s and, most importantly, is not related to any
standardized driving cycle. In [10], the authors have developed an integrated EV system
model in MATLAB Simulink to study the behavior of the Mercedes-Benz EQS 350 under the
Worldwide Harmonized Light Vehicles Test Procedure (WLTP) driving cycle. The adoption
of a multi-domain approach and the utilization of the WLTP cycle are important for EV
simulation, but the effect of the battery pack is completely ignored. Meszaros et al. [11] have
considered a battery cell model with 1 RC branch for an EV powertrain system model, along
with vehicle dynamics, electric motor, and power electronics models, to examine different
options in braking control for the maximization of recuperated energy. The authors have
performed simulations for the Urban Dynamometer Driving Schedule (UDDS) driving cycle.
Even though a valuable EV system model integrating dynamic models of all power and
mechanical subsystems is presented and simulated for a well-known driving cycle, there is
no comparison against experimental data or the results of relevant and reliable software.
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Moreover, the outdated advanced vehicle simulator (ADVISOR) database for Toyota Prius
and guess values have been utilized for the selection of system parameters. Adegbohun
et al. [12] utilized MATLAB/Simulink to model and simulate an EV powertrain, with results
compared against drive cycle test measurements. However, they employed a significantly
simplified battery model comprising a constant voltage source and a constant internal
resistance, neglecting transient voltage response and dependence on variable state of charge
(SoC) and temperature. In [13], a commercial Modelica library dedicated exclusively to
cell-level battery modeling with ECM is introduced. However, the parameter estimation
stage is only accessible through the purchase of proprietary battery and optimization
libraries developed by Modelon, and no validation or verification results for battery or
vehicle operation are provided. Qin et al. [1] have reproduced an ECM battery model of
an LFP battery cell using the Modelica language, incorporating hysteresis effects and a
third-order circuit. The model was validated after applying the UDDS driving cycle with
an average error of 0.23%, yet only at a cell level. The battery model was integrated into
a multi-domain EV system model with MWorks, which includes a permanent magnet
synchronous motor (PMSM), controller, driver, and mechanical components. The system
was simulated under the New European Driving Cycle (NEDC) but only the theoretical
vehicle mileage was used as a verification indicator, with a deviation of 0.54% between this
value and the simulation results.

This work aims to fill the aforementioned research gaps in the development of ECM
battery models for EV applications, leveraging physical modeling languages. For this
purpose, a second-order ECM with Modelica is developed. Parameter lookup tables, de-
pendent on the SoC, for four commercial Li-ion cells with different chemistry types have
been considered. To ensure acceptable model accuracy for battery integration into EV
applications, a model of the entire EV system is created using Modelica, and the simulation
results are compared against a MATLAB reference application for verification purposes.
Customized dynamic models have been developed for the motor, the power converter, the
control unit, the energy recuperation due to regenerative braking, the driver actions, and
the thermal and mechanical subsystems. The widely approved US Environmental Protec-
tion Agency (EPA) Federal Test Procedure (FTP-75) driving cycle is applied as a requested
velocity profile, allowing for the evaluation of the developed model in real-world scenar-
ios and providing comprehensive insights into battery and vehicle energy performance,
including remaining SoC, energy consumption, and fuel economy. The simulations have
been performed using the Dymola integrated development environment, which supports
the Modelica language and integrates numerical tools for model translation and simulation.
The monitored output variables have been compared against the corresponding results of
the MATLAB application at different system points, encompassing the battery pack, the
motor, and the vehicle body. By constructing a tested virtual EV representation model
that covers a wide range of battery chemistry type options using the Modelica language,
this work paves the way for exploring and assessing the energy performance of various
battery–powertrain coupling configurations in terms of specifications and architecture.

In a nutshell, the main contributions of this work, compared to previous studies, lie in
the following:

• The creation of Modelica-based cell-level battery models using the second-order ECM
representation technique;

• The utilization of parameter lookup tables with dependence on SoC for four commer-
cial Li-ion battery cells with different chemistry type;

• The integration of the battery model with electrical, mechanical, thermal. and control
subsystems into an EV-level model that is exclusively designed with Modelica;

• The evaluation of battery performance under an EV simulation using the standardized
FTP-75 driving cycle;

• The verification of the model results against a well-established MATLAB EV
reference application.
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This paper is structured as follows: Section 2 describes the theoretical background and
the development of the modeling process. The setup and the results of model verification
are presented in Section 3. Finally, the conclusions of this work are consolidated in Section 4.

2. Materials and Methods
2.1. Equivalent Circuit Model Background

The most widespread battery cell modeling technique that ensures a good trade-off
between accuracy and computational complexity is the ECM [5,6]. This combination is key
for reproducibility within an effective BMS, where high accuracy and minimum possible
computational time must be ensured. The ECM technique represents the complex internal
electrochemical phenomena of the battery cell through an equivalent circuit of electrical
components: a voltage source, a single resistor, and n parallel resistor–capacitor subcircuits
connected in series. The ECM order number n can vary to achieve the desired characteristics
for each application, but generally, the second-order (n = 2) ensures an effective balance
between model computational complexity and accuracy. The topology of a second-order
equivalent electric circuit is presented in Figure 1.
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In the circuit, the voltage source is denoted as VOC in the figure circuit and is called
the open-circuit voltage. The voltage drop V0 across the series resistor, denoted as R0 in
the circuit, represents the instantaneous voltage drop due to an applied current profile.
The transient voltage drops V1 and V2 across the 2 RC branches, denoted as R1-C1 and
R2-C2 in the circuit, capture the diffusion effect through their corresponding time constants.
IL is the current supplied by (positive) or injected into (negative) the battery cell through
its terminals.

The equation set of the second-order ECM is as follows:

SoC = SoC(0)−
∫ t

0 ILdt
Cavailable

, (1)

Vs = IL·Rs, (2)

IC1 = C1·
dV1

dt
, (3)

IC2 = C2·
dV2

dt
, (4)

VOC = f(SoC), (5)

Rs = f(SoC), (6)

R1 = f(SoC), (7)
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C1 = f(SoC), (8)

R2 = f(SoC), (9)

C2 = f(SoC), (10)

Vt = VOC − Vs − V1 − V2. (11)

Characterization tests may include (i) the capacity test; (ii) the pulse discharge test;
and (iii) the hybrid pulse power characterization (HPPC) test. Voltage response is moni-
tored, and the measurements are used for parameter fitting. A detailed description of the
implementation of the parameter extraction process through experimental measurements
is provided in [14]. Tran et al. [15] recently published parameter datasets extracted from
measurements of four different Li-ion battery chemistry types, listed in Table 1. These
types, classified by the positive electrode material, are lithium iron phosphate (LFP), lithium
manganese oxide (LMO), lithium nickel cobalt aluminum oxide (NCA), and lithium nickel
manganese cobalt oxide (NMC). The authors validated the battery model for each chem-
istry type through two different applied current profiles. The extracted OCV–SOC curves
and the parameter lookup tables for each Li-ion chemistry type are retrieved from this
source and are reproduced in this study. These cells refer to four commonly used chemistry
types in EV battery applications, which is crucial for reproducing the model developed in
this research work for a wide range of applications with different operating requirements
(e.g., high-power or high-energy battery cells could be selected depending on the application).

Table 1. Cell specifications for each chemistry type. Data from [15].

Chemistry Manufacturer Cell Name Nominal Capacity (mAh) Nominal Voltage (V) Voltage Range (V)

LMO EFEST IMR18650V1 2600 3.70 2.50–4.20

LFP K2 Energy
Solutions, Inc. LFP26650P 2600 3.20 2.00–3.65

NMC Samsung SDI INR18650-20S 2000 3.60 2.50–4.20

NCA Panasonic NCR18650B 3200 3.60 2.50–4.20

2.2. Battery Model Implementation with Modelica

The graphical representation of the single-cell model developed with Modelica within
the Dymola user interface is presented in Figure 2. In the electrical domain, a variable
voltage source component is used to incorporate the open-circuit voltage, while the series
resistor and 2 RC branches correspond to the Rs and R1-C1 and R2-C2 circuit elements,
respectively, according to the notation in Section 2.1. The battery terminals correspond to
the positive and negative pins. The SoC is continuously estimated based on the applied
terminal current, with the available capacity varying depending on cell temperature and
whether charging or discharging is underway, as seen in the highlighted available capacity
calculation area. In the thermal domain, heat is stored through a heat capacitor with a mass
equal to the battery cell mass, and heat transfer with the surroundings occurs through
convection. The cooling load for maintaining the temperature value within desired levels
is calculated using a PI controller. The cell quantities are scaled up to the entire pack level,
based on the number of cells connected in series and in parallel within the battery pack
configuration. Alternatively, the model can automatically create as many cell models as
the battery cells and establish predefined connections. However, since capacity imbalance
between cells is neglected in this study, the scaled model is used.

A key remark for model replication is that although users can currently select the
lookup table parameters from the four available chemistry types, the modeling technique
based on parameter lookup tables allows for the extension of the model application to
account for any battery parameter dataset extracted from Li-ion battery cells after the
characterization tests described in Section 2.1.
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2.3. EV Model with Modelica

To verify the developed battery model, an EV application has been selected as a test
case. The well-documented MATLAB/Simscape EV reference application [16] is chosen
from several available software solutions for EV simulation for benchmarking the devel-
oped models. This application focuses on EV system-level simulation, taking into account
all of its powertrain and control subsystems.

These include the following:

• The driver’s control actions to close the gap between the requested and actual
vehicle velocity;

• The battery controllers that ensure operation within the allowed technical limits;
• The power recovery through regenerative braking;
• The EV powertrain, including physical models of the battery pack (array of cells

connected in series and in parallel), the electric motor, the electric drive, and the
mechanical drivetrain of the vehicle.

The EV system-level model is presented in Figure 3. The model consists of subsystems
for the driver, powertrain control module, electric plant, and drivetrain. Based on the input
velocity profile, the controllers actuate on the EV powertrain, which, in turn, transfers the
required power to the vehicle drivetrain.
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2.3.1. Driver Subsystem

The driver subsystem models the user response to the requested velocity profile
through a proportional controller. A normalized signal of the pedal position command is
adjusted to minimize the error between the velocity profile and the measured vehicle body
velocity. These signal values range from −1 to 0 when decelerating and from 0 to 1 when
accelerating. The output command is fed to the powertrain control unit.

2.3.2. Powertrain Control Module Subsystem

The powertrain control module (PCM) is the operation control center of the EV. Based
on the requested pedal position from the driver subsystem, the torque that should be ap-
plied by the motor is produced as the output, considering the operating limits. Intermediate
blocks limit discharge or charge power according to SoC and current limits and arbitrate
torque according to the wheels’ rotational speed. Additionally, a power management
algorithm is incorporated into the PCM block. As well as complying with power limits, it
estimates the required electric power to supply the necessary mechanical power based on
the motor efficiency map. The efficiency map of the EV motor used for the simulations is
retrieved from predefined tables of the MATLAB application and is plotted in Figure 4.

For deceleration, based on the deceleration normalized command (−1 to 0), the brake
pressure applied to the wheels is calculated. The maximum available regenerative torque is
then calculated and exploited for motor braking. The mechanical parts of the transmission
system and the dependence of the regenerative torque on the vehicle’s instant speed are
considered. The regenerative torque limits the torque applied by the brake on the wheel
during deceleration. The regenerative torque is subtracted from the total required brake
torque, and the residual output torque feeds the drivetrain subsystem, where it is applied
to the vehicle wheels.
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2.3.3. Electric Plant Subsystem

The electric plant subsystem models all vehicle components involved in power trans-
fer, including the battery, power converter, and motor. The battery pack model is based
on the battery cell model described thoroughly in Section 2.1 and can provide instanta-
neous response estimations of battery voltage and SoC for the selected cell specifications
(e.g., configuration, chemistry type, capacity). Inside the electric drive subsystem, the
operation of both the motor and power converter is incorporated. Depending on the in-
stantaneous value of the wheels’ rotation speed, the requested torque is limited. A tabular
characteristic torque-speed curve should be imported into the model.

Furthermore, the motor efficiency map, also used in the PCM unit, is employed to
consider the electric drive losses. The final power demand consumption is modeled by
a variable resistance, continuously adjusted by an integrator, and connected to the battery
pack terminals.

2.3.4. Drivetrain Subsystem

To proceed with the EV system simulation, a drivetrain model is also necessary.
However, since this study focuses on the electric propulsion system, the drivetrain model
can be kept simple and efficient in terms of computational time. The forces applied to the
vehicle body include the motor tractive force, the braking force, the aerodynamic drag
force, and the rolling resistance force. A flat ground is considered, neglecting the effect of
gravitational force on vehicle motion. The corresponding model is built using components
from the Modelica Standard Library 4.0.0 [17] by extending the main idea of the drivetrain
model from the Electric and Hybrid Power Trains (EHPT) library [18], as presented in
Figure 5.
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2.4. EV Model Modifications with MATLAB Simscape

To proceed with a meaningful comparison of the two EV system-level models,
a prerequisite step is to apply the necessary simplifications to the detailed existing drive-
train model of the MATLAB EV application to align with the Modelica model described
in Section 2.3. In the available MATLAB application model, three degrees of freedom are
considered for vehicle body motion, and whether differential axle coupling is made to the
front or rear wheel is taken into account to provide high-accuracy quantity estimations
for the interacting mechanical parts. To prevent potential errors in the verification process
arising from the complex modeling of mechanical components, a more simplified approach
is followed. As a result, a simplified model is developed within the Simulink environment
using the Simscape libraries, as shown in Figure 6.
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3. Results
3.1. Model Verification Setup

As mentioned in Section 2.3, a MATLAB EV reference application has been selected to
verify model results. The developed models are simulated in the Dymola user interface.
The FTP-75 driving cycle, introduced by the US EPA [19], has been used to import the
user velocity profile for model verification. Furthermore, the model input parameters
and assumptions must be common in both software applications. The input data for both
applications are categorized as follows:

• Overall EV technical parameters;
• User velocity profile;
• Battery specifications;
• Electric motor specifications.

The parameters used for the simulations in both models to achieve a meaningful
comparison of the results are listed in Table 2. All of the required inputs are retrieved
through a combination of available data from the MATLAB application and the EHPT
Modelica library.

Table 2. Parameters used for model verification in both software.

Overall EV Technical Parameters

Vehicle mass (with 4 passengers) 1500 kg

Longitudinal aerodynamic drag coefficient 0.26

Gear ratio 7.94

Wheel radius 0.31 m

Rolling resistance coefficient 0.014

Cross-sectional vehicle area 2.2 m2

Maximum brake pressure 5 MPa

Electric Motor Specifications

Maximum power 211 kW

Maximum torque 450 N·m

Total rotational inertia 1.5 kg·m2

Battery Specifications

Battery chemistry type Lithium-ion NMC

Number of cells in series 96

Number of cells in parallel 31

Nominal cell capacity 4.8 Ah

Nominal cell voltage 3.6 V

Nominal battery pack energy capacity 51.4 kWh

Maximum allowed discharge rate 5C

Initial state of charge 0.75

Cell thermal mass 1364 J/K

Minimum cell operating voltage 2.5 V

Maximum cell operating voltage 4.2 V

User Velocity Profile

Driving cycle FTP-75
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The common assumptions for both cases include the simplification of drivetrain me-
chanical interactions and the neglect of gravitational effect due to road slope. Additionally,
four passengers are considered inside the EV cabin, and the initial SoC is assumed to
be 75%.

Moreover, to proceed with a proper evaluation of the simulation results, some critical
quantities have been selected to verify the accuracy of the developed models at certain
system points. These include the following:

• The vehicle velocity against the requested velocity profile (driving cycle);
• The deviation between simulated and requested vehicle velocity;
• The current supplied to/by the battery by/to the motor;
• The power supplied to/by the battery by/to the motor;
• The battery pack state of charge;
• The voltage at battery pack terminals;
• The torque applied by the motor;
• The motor rotational speed;
• The fuel economy;
• The brake, drag, and rolling resistance forces applied to the vehicle body.

3.2. Model Verification Results

The key verification results of the battery models are presented in this section. Results
at all EV system points indicate a strong match between the results of the developed models
and the MATLAB reference application. Specifically, in Figure 7a, the simulated vehicle
velocity is plotted against the requested velocity profile imported by the FTP-75 driving
cycle, along with the corresponding MATLAB results. The operation of all subsystems, in-
cluding the designed control process, ensures that the desired driving behavior is achieved
through the developed models. In Figure 7b, relatively low values of instantaneous de-
viation between the desired and output velocity are observed, further affirming model
validity. The maximum absolute value of 0.34 m/s is equivalent to 1.22 km/h, which can be
considered acceptable given that the latency of the driver’s response is taken into account.
This value is 8.2% lower than the maximum absolute value of the MATLAB application,
which is 1.33 km/h. It can also be seen that the amplitude of velocity deviation spikes is
lower compared to the MATLAB application.

The simulation results associated with the battery pack are presented in the next
figures. In Figure 8a, the evolution of the battery voltage throughout the FTP-75 cycle
is plotted against the corresponding results from MATLAB. As can be seen, the voltage
curve consistently follows the trend of the transient response incorporated in the MATLAB
simulations. The maximum value of the relative deviation equals 1.49% during steep
changes in desired velocity. In Figure 8b, by convention, the current is positive when
injected into the battery and negative when supplied by the battery. Multiple spikes denote
that current changes sharply to achieve rapid changes in velocity rate of change, i.e., vehicle
acceleration. A slight difference observed in the amplitude of a few instantaneous current
spikes can be associated with a similar deviation in the torque requested by the driver
control subsystem described in the related figure. This amplitude deviation is carried to
the SoC graph in Figure 9a, where the maximum deviation between simulation results
and the MATLAB application is limited to 0.06%. SoC is calculated from the integration
of current timeseries; therefore, the final divergence of the two curves can be explained
by the accumulation of instantaneous deviations of current curves. The final value of SoC
reduction equals 4.50%, which is 1.4% larger than the corresponding MATLAB result of
4.44%. In Figure 9b, the evolution of the power injected into the battery is plotted and is
also in line with the MATLAB results, which is expected from the aforementioned similarity
of current and voltage curves. Positive and negative battery peak power absolute values
are 39.2 kW and 56.2 kW, respectively, 7.9% and 1.8% lower than the corresponding results
of the MATLAB reference application. This is associated with the decrease in voltage
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and current peaks. These results allow us to conclude that accurate estimations of power
transactions throughout the EV powertrain are achieved.
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Next, the focus is given to the simulation results of the motor subsystem. In Figure 10,
the results of the torque applied by the motor show a close match between the results of
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the developed models and the MATLAB application. The evolution of torque throughout
the entire cycle is depicted in Figure 10a, whereas a more detailed view between 165 s and
215 s is shown in Figure 10b to highlight the nature of the instantaneous divergence of the
two applied torque curves. Divergence is connected with the requested control command.
The model control achieves a smoother response of the requested torque command in
comparison with MATLAB. This is related only to the selection of PI controller constants
of the driver subsystem in MATLAB and does not imply any model malfunction. The
MATLAB results include a maximum positive torque absolute value of 164.5 N·m and
a maximum negative torque absolute value of 142.9 N·m. The maximum positive torque
of the simulation results is 152.8 N·m, and the maximum negative is 133.8 N·m, a relative
decrease of 7.1% and 6.4%. Nevertheless, the overshoot avoided in the simulations of the
developed model can provide an explanation for the mismatch between the amplitude of
torque instantaneous spikes, and consequently, the corresponding mismatch of current
values referred to in Figure 8b. Overall, the curves of the torque applied by the motor
present a significant similarity throughout the FTP-75 cycle.
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of the entire driving cycle; (b) detailed view between 165 s and 215 s.

The similarity in the motor rotational speed results, shown in Figure 11a, is anticipated
based on the results presented up to this point. To measure fuel economy, the evolution
of the MPGe index, introduced by the US EPA in 2010 [20], is monitored and compared
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with the MATLAB results in Figure 11b. A slight divergence is carried throughout the
simulation, leading to a final difference of 2.27 MPGe or a relative difference of 1.43%. This
index evolves cumulatively over time, so in the same way, as explained for the SoC quantity,
instantaneous value deviations during peak currents lead to the carried-out divergence
until the end of the cycle.
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Examining the evolution of the quantities monitored in Figure 12 is also necessary to
verify the simplifications made in the coupling of the drivetrain components and the vehicle
kinetics. Results show that the estimations of the applied forces of aerodynamic drag and
rolling resistance are in agreement with those exported from MATLAB. The quantity of total
EV brake force is generally close to the MATLAB curve, except for certain instantaneous
deviations that can also be explained by the aforementioned peak torque mismatches.

Regarding the performance of the Modelica-developed model, the EV application
under study can be simulated for 10 repetitions of the FTP-75 cycle in 25 s. The correspond-
ing battery’s actual operation time is 6.87 h. This time-efficient feature is convenient for
model-based optimization, given that the system model can be exported in a functional
mock-up unit (FMU) and be coupled with software compatible with the functional mock-up
interface (FMI) standard.
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A comparison of the key FTP-75 simulation results of battery and vehicle performance
between the developed models and the MATLAB reference applications is presented
in Table 3. The smoother response of the system’s control, compared to the MATLAB
application, leads to lower velocity deviation from the driving cycle setpoint (decrease by
1.11 km/h or 8.2%) and also to lower maximum absolute values of battery power and motor
torque (1.8% and 7.1% decrease, respectively). Energy consumption and SoC reduction are
estimated to be 1.4% larger than the MATLAB equivalent example. As a result, the value of
total fuel economy is 2.7% lower than the corresponding MATLAB value.

Table 3. Comparison of the key simulation results between the developed models and the MATLAB
reference application.

Quantity MATLAB Reference
Application Results

Simulation
Results

Relative
Difference

Maximum absolute velocity deviation 1.33 km/h 1.22 km/h −8.2%
Battery positive peak power 42.5 kW 39.2 kW −7.9%

Absolute battery negative peak power 57.2 kW 56.2 kW −1.8%
Energy consumption 2.35 kWh 2.39 kWh 1.4%

Maximum positive torque 164.5 N·m 152.8 N·m −7.1%
Maximum negative torque 142.9 N·m 133.8 N·m −6.4%

SoC reduction 4.44% 4.50% 1.4%
Fuel economy 157.72 MPGe 155.45 MPGe −2.7%
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4. Conclusions

This study focuses on the development of dynamic battery models for EV applications.
The models are based on the second-order ECM technique and developed using the
Modelica language for four different types of Li-ion cell chemistry commonly found in
commercial EVs. The thermal behavior of the battery at the cell level is also considered.
Recently published parameter datasets of the four Li-ion battery cells have been sourced
from literature and used for the simulations.

To verify the developed models, an EV powertrain system model has been built
and compared against a well-established reference application designed with MATLAB
Simulink/Simscape. This comprehensive Modelica model includes all necessary subsys-
tems for accurately representing the overall EV system, such as the motor, power converter,
regenerative braking system, driver actions, and control unit. Additionally, a simplified
version of the drivetrain subsystem has been modeled in both Modelica and Simscape,
ensuring alignment between the two models. The simplified drivetrain models reduce
the dependence of the verification process on the precise representation of mechanical
system interactions.

The FTP-75 driving cycle was used to simulate the system, and results indicate that
the integrated system satisfactorily follows the desired velocity profile. The maximum
vehicle velocity deviation is 1.22 km/h, which is 8.2% lower than the MATLAB results,
and is considered acceptable given the time required by the controller’s response time.
The evolution of the battery pack quantities also illustrates an accurate match between the
model and the MATLAB results. Specifically, the relative deviation in simulated voltage
reaches its maximum value of 1.49% during high values of acceleration or deceleration. The
divergence of SoC decrease at the end of the cycle equals 0.06%, and the strong similarity
in both current and power curves strengthens estimation accuracy. Results associated with
motor performance and vehicle kinetics also agree with those exported from the MATLAB
reference application, whereas instantaneous deviations in the requested torque that affect
the estimation of cumulative quantities (SoC and fuel economy) are associated with slight
differences in the driver’s control approach.

The overall agreement of the results with those obtained from MATLAB across various
system points, each associated with different physics domains, strengthens the conclusion
that an accurate and reliable representation of an EV system can be achieved using the
developed models. The consideration of four battery cell parameter datasets enables
the virtual representation of a wide range of commercial EVs. The system model can be
exported as an FMU and used in any software product supporting the FMI standard.

Furthermore, the exploration and early assessment of multiple approaches to battery
integration into broader EV powertrain architectures is made possible and could be the
subject of future studies. This is facilitated by the advantageous feature of Modelica being
object-oriented and acausal, which mitigates possible risks during model coupling. Incorpo-
rating a more detailed and sophisticated motor model could help extract useful conclusions
regarding motor performance within the powertrain. Additionally, the performance of the
EV model was tested by simulating 10 repetitions of the FTP-75 cycle in 25 s, correspond-
ing to 6.87 h of actual battery operation. Consequently, the model could be included in
hardware-in-the-loop simulations with the appropriate equipment, potentially leading to
the fine-tuning of system control modules. Evaluating different BMS strategies for optimal
battery operation within the powertrain, such as developing cell balancing algorithms, is
also facilitated. Finally, a potential next step after verifying the models against reliable
MATLAB results would be to validate the models with experimental measurements from
the battery pack and powertrain.
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