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Abstract

Electric motorcycles are central to Sub-Saharan Africa’s transition to electric mobility, yet
manufacturers in the region typically rely on costly and time-consuming physical proto-
typing to optimise powertrains built from imported components. This paper presents a
validated full-powertrain digital twin of the Roam Air, an electric motorcycle assembled in
Nairobi, Kenya, developed in MATLAB/Simulink as four interconnected subsystems: the
battery, the controller, the motor, and the vehicle dynamics. The battery is modelled as a
Thévenin equivalent circuit whose parameters were experimentally derived at the pack
level through Hybrid Pulse Power Characterisation tests, and the controller replicates the
motorcycle’s field-oriented control with a maximum torque per ampere strategy, including
its battery current and voltage limiting behaviour. The motorcycle’s regenerative brak-
ing characteristics, drag coefficient, and rolling resistance coefficient were experimentally
obtained through braking, coasting, and coast-down tests. The digital twin ingests rider
inputs and environmental information, and it predicts the motor’s speed and the battery’s
power. Validation against six measured drive cycles in Stellenbosch, South Africa, demon-
strates high correlation between predicted and measured profiles, with Pearson’s r values
of 0.905–0.981 for battery power and 0.912–0.996 for motor speed, and energy consumption
predicted to within 2.71% for five of the six trips. The presented modelling and characteri-
sation framework offers manufacturers a transferable, computationally efficient alternative
to iterative physical prototyping for powertrain optimisation.

Keywords: digital twin; electric motorcycle; powertrain modelling; Sub-Saharan Africa;
equivalent circuit model; field-oriented control; regenerative braking

1. Introduction
Motorcycles are becoming increasingly popular in Sub-Saharan Africa (SSA), with

registrations rising from approximately 5 million in 2010 to around 27 million in 2022 [1].
This is because they improve travel efficiency while providing employment opportunities
in passenger transport and delivery services [1]. Motorcycle riders can navigate roads
impassable to four-wheeled vehicles, weave through traffic in cities, and bring passengers
to their exact destinations [1], offering greater accessibility and shorter travel times. In ad-
dition, motorcycles are less expensive to purchase and operate than four-wheeled vehicles,
which is favourable to commercial users occupying an estimated 80% of all motorcycles in
SSA [1].

Electrifying motorcycles is Africa’s primary move towards electric mobility, as their
relatively low mass requires smaller and consequently cheaper battery packs [1]. Electric
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motorcycles improve local air quality and lower greenhouse gas emissions, noise pollution,
and operating costs for riders [1]. According to a survey conducted in nine African cities,
electric motorcycle riders spend one-third less on weekly energy costs and more than a half
less on weekly maintenance costs compared to petrol motorcycle riders [1]. In South Africa,
which has a high-carbon grid, an electric motorcycle is estimated to emit 22.5 gCO2/km,
compared with 50.5 gCO2/km for an equivalent internal combustion engine motorcycle [2].

Entrepreneurship surrounding electric mobility in SSA includes battery pack devel-
opment, electric motorcycle assembly, and retrofitting electric motorcycles from petrol
motorcycles [1]. Electric motorcycle manufacturers in SSA typically import off-the-shelf
parts, and they design and assemble their motorcycles locally so that they are fit for African
operating conditions [3]. Manufacturers typically undergo iterative physical prototyping
and empirical testing to optimise their powertrain choices and/or configurations, which
is costly and time-consuming [4]. A digital twin provides a more efficient approach to
optimising an electric motorcycle’s powertrain, especially for African manufacturers who
rely on imported components.

In this paper, a digital twin of an electric motorcycle powertrain is defined as a dynamic
virtual replication of the physical powertrain.

The reviewed literature on digital twins of electric vehicle powertrains include [4–6].
In [4], the use of a digital twin to predict electric powertrain efficiency (motor and multi-
stage transmission efficiency only) is the focus of the study. Various models were assessed
to find the best balance of accuracy, prediction speed, and measurement effort [4]. The most
complex model, which incorporates machine learning, achieved the best performance [4].
In [5], a virtual environment was created for the functional and fault-response testing of
electric vehicles, using digital twin technology. The simulation setup combines software
(the digital twin simulating the test environment and test scenarios) with hardware (the
vehicle control unit (VCU), battery management system (BMS), and motor control unit
(MCU)) [5]. In [6], a Modelica library designed to build digital twins of electric powertrains
is introduced. The library comprises sub-libraries for the battery, power electronics, and
motor, each of which include thermal modelling [6]. The battery sub-library simulates
the battery’s electrical behaviour using either an ideal voltage source model, an internal
resistance model, or a resistor–capacitor (RC) element model [6]. The Modelica-built
powertrain model was used in conjunction with Ricardo IGNITE (for vehicle dynamics)
andMATLAB/Simulink (for the controller and driver models) to simulate the performance
of a long-haul truck [6]. The related literature further includes forward-facing models of
electric vehicle powertrains, whereby power calculations flow from a driver model to the
vehicle’s wheels [7–9]. These models involve a driver model that uses the error between
measured drive cycle and observed model speed and a PI controller [7–9]. The identified
forward-facing models do not simulate the vehicle’s control operations and use simplified
battery models [7–9]. ADVISOR (Advanced Vehicle Simulator), which is an industry-
grade simulator for hybrid electric vehicles, is described in [10]. Backward-facing models
calculate the vehicle’s traction force at the wheel from its longitudinal dynamics, and
they subsequently determine battery power consumption from the wheel [10]. ADVISOR
integrates a backward-facing approach (that uses combined inverter-motor efficiency maps)
with component variable limits that are characteristic of a forward-facing approach, to
strike a balance between accuracy and computational efficiency.

Table 1 summarises the reviewed literature sources. In all the reviewed literature
sources, modelling of the controller and experimental characterisation of the component
parameters are not detailed. In addition, the identified forward-facing electric powertrain
models, which are effectively lower-fidelity digital twins, use an artificial driver model and
do not simulate the vehicle’s control operations.
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Contributions: The aim of this paper is to give a comprehensive technical framework on
developing a digital twin of an electric motorcycle powertrain, detailing the modelling and
experimental characterisation of the powertrain’s components. This is the paper’s primary
contribution, which is complemented by the digital twin’s uniqueness of using a more
representative driver model and simulating the motor control typically used by electric
motorcycles. The reproducible framework presented in this work provides a foundation for
electric motorcycle manufacturers with similar powertrain architectures to develop their
own digital twins.

Table 1. Summary of the reviewed literature.

Ref. Driver and
Controller Models

Other Powertrain
Component Models &
Parameter Characterisation

Validation Detailed Framework g

[4] -

Combined motor and
multi-stage transmission
efficiency modelled using
physics, machine learning,
and hybrids.

Test bench data c . No

[5] High-fidelity models of
VCU d, MCU e, and BMS f .

Dq motor model and a simple
battery ECM a.

Qualitative assessment of
modelled controllers against
physical controllers (good
agreement during functional
and fault-injecting tests).

No

[6] Simplified driver model and
motor controller.

Various battery (incl. ageing
and cell config), power
electronics, and motor model
types with varying fidelity
and thermal.

- No

[7] Simplified driver model only
(PI controller).

Motor efficiency map and
simple battery ECM a. - No

[8] Simplified driver model only
(PID controller).

Motor loss model and a
simple battery ECM a. Briefly
describes coast-down tests for
characterising the load force b.

Dynamometer test data
accounting for environmental
effects (1.01% Wh/mile error).

No

[9] Simplified driver model only
(PID controller).

Constant powertrain
efficiency and simple
battery ECM a.

Dynamometer test data excl.
for environmental
(−8.63% Wh/m error) and
road test data
(−4.75% Wh/m error).

No

[10] -

Combined inverter-motor
efficiency maps
with component
performance limits.

No experimental validation,
however, ADVISOR produces
similar results to other
industry-grade models.

No

a Simple battery equivalent circuit model that only considers the internal resistance. b Drag and rolling resistance
forces described by a polynomial expression as a function of speed. c MAE of predicted and measured powertrain
efficiencies—combined efficiency of the motor and multi-stage transmission—range from 0.34% to 4.36%. d Vehicle
control unit, e motor control unit, f battery management system. g All-in-one detailed framework enabling the
replication of both modelling and parameter characterisation of an electric motorcycle powertrain.

Scope: In this paper, a digital twin of an electric motorcycle powertrain is developed,
which ingests rider commands (throttle and brake signals) and environmental inputs
(road’s gradient and wind speed) and predicts the motorcycle’s performance (battery
power and motor speed). The digital twin comprises models of the battery, inverter
power losses, motor control and operation, and longitudinal vehicle dynamics. Mechanical
braking, auxiliary power consumption, component-level validation, and adaptation of the
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digital twin to other powertrain configurations are beyond the scope of this work due to
limitations in the available data. Thermal modelling is also not considered since the focus
of this work is to enable comparison of powertrain configurations under short drive cycles,
in which temperature effects are less significant. Although developed using a single electric
motorcycle, the digital twin represents a powertrain architecture commonly adopted by
African electric motorcycles.

2. Theoretical Background
A single-speed electric motorcycle powertrain comprises a battery, motor controller

and inverter (which are generally combined in one component), motor, and drivetrain
(which include the front and rear sprockets, chain, mechanical brakes, and rear wheel).
The motor controller receives rider inputs (throttle or electrical brake signals), supplies
low-voltage DC power to the auxiliary components, and drives the motor via the inverter.
Mechanical brakes are applied by the motorcycle’s calipers acting on the disc or drum
brakes. The combination of mechanical and electrical braking determines the motorcycle’s
total braking force. Figure 1 illustrates the interfacing of the electric motorcycle’s powertrain
components and the energy flow between them.

Figure 1. Block diagram of an electric motorcycle powertrain. Source adapted from [2].

The developed digital twin contains dynamic models of the battery, motor controller,
and motor. Inverter power losses are obtained from an efficiency map, and the drivetrain
gear ratio and friction are accounted for in the motorcycle dynamics.

2.1. Battery

Batteries generally exhibit non-linear characteristics, which complicate the accurate
estimation of their equivalent internal resistance, state of charge, and state of health [11].
The battery’s equivalent internal resistance is a function of the battery temperature,
charge/discharge rate, battery age [11], and state of charge [12].

For Li-ion batteries, there are two classes of models that have been identified in the
literature: electrochemical models and equivalent circuit models (ECMs) [11]. Electro-
chemical models emulate the chemical processes that occur in the battery, whereas ECMs
reproduce the battery’s dynamics at a higher abstraction level [11]. Various ECMs have
been established; however, the Thévenin and dual polarization (DP) models are commonly
used due to their superior dynamic properties [11]. Figure 2 presents the Thévenin and
DP ECMs.
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https://doi.org/10.3390/wevj17080432


World Electr. Veh. J. 2026, 17, 432 5 of 31

(a) (b)

Figure 2. Battery equivalent circuit models.(a) Thévenin equivalent circuit model. (b) DP equivalent
circuit model.

When the battery receives a current input, the series resistor (Rs) models the instan-
taneous change in terminal voltage, while the resistor–capacitor (RC) pairs model the
dynamic changes in terminal voltage over time. For the DP model, the first RC pair (Rp1

and Cp1) represents the faster transient response to a current input, whereas the second RC
pair (Rp2 and Cp2) represents the slower transient response to a current input [12].

Electrochemical models are numerically complex and computationally heavy [11],
and only the current–voltage properties of the battery are of concern for the digital twin;
therefore, an ECM is selected for the battery model. Since the DP model includes a second
RC pair, its parameter characterisation is more challenging in terms of accuracy and
experimental time [12]. Therefore, the digital twin’s battery model uses the Thévenin ECM.
For a set sampling time (∆t), the battery’s terminal voltage (Vt) is determined from the bus
current (I) by

Vt[n] = Voc − I[n]× Rs − Vp[n], (1)

where

Vp[n] =
τp

τp + ∆t
× Vp[n − 1] +

∆t
τp + ∆t

× Rp × I[n], (2)

τp = Rp × Cp. (3)

2.2. Motor

Motors typically used for electric vehicle applications include direct current (DC)
motors, induction motors, brushless DC (BLDC) motors, permanent magnet synchronous
motors (PMSMs), and switched reluctance motors (SRMs) [13]. Overall, permanent magnet
brushless motors, comprising both PMSMs and BLDC motors, are the dominant choice for
electric vehicle propulsion.

A PMSM comprises a stator with copper windings and a rotor with permanent
magnets [14]. The PMSM’s stator produces a rotating magnetic field from three-phase
alternating currents, which magnetically moves the rotor at the same speed as the stator’s
field [14]. PMSMs consist of two types: surface permanent magnet (SPM) motors and
interior permanent magnet (IPM) motors (also known as interior PMSMs or IPMSMs),
which are characterised by the location of their permanent magnets [14].

Power losses in PMSMs include stator copper losses, core losses, mechanical losses,
and other small miscellaneous losses [14]. Stator copper losses are caused by heating of the
stator’s copper windings [14]. Core losses comprise eddy current and hysteresis losses [14].
Eddy current losses result from the resistive heating caused by circulating currents induced
in the stator’s core [14]. Hysteresis losses arise from the energy dissipated during the
repeated reorientation of the core’s magnetic domains as the magnetic field alternates [14].
Mechanical losses comprise friction and windage losses, caused by movement between the
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machine’s mechanical components and between these components and the air within the
motor casing, respectively [14].

The electrical characteristics of a PMSM can be modelled by the direct-quadrature (dq)
model and the finite element method (FEM) [15]. FEM is very accurate and can capture non-
linearities caused by hysteresis effects and saturation of the magnetic materials, but FEM is
computationally expensive [15]. The dq model is a simpler and computationally efficient
approach that enables decoupled torque and flux control, but it relies on assumptions that
leads to inaccuracies in performance prediction [15]. For motorcycles that operate using
field-oriented control (described further in Section 2.4), the dq model is therefore required,
and its voltage equations in the rotor reference frame are defined by

vd = Rsid + Ld
did
dt

− ωeLqiq, (4)

vq = Rsiq + Lq
diq
dt

+ ωe(λpm + Ldid), (5)

where vd and vq are the observed dq voltages, ωe is the motor’s electrical speed, and Rs,
Ld, Lq, and λpm are the motor’s stator resistance per phase, dq inductances, and permanent
magnet flux linkage [14].

2.3. Inverter

The inverter converts DC power from the battery to AC power for the motor, and
vice versa. The inverter contributes two main losses to the electric motorcycle system:
conduction and switching losses of the inverter’s internal devices [14].

These losses are modelled using an experimentally determined inverter efficiency
map, which is an accurate and computationally inexpensive way of dynamically modelling
the component’s power losses.

2.4. Controller (Field-Oriented Control)

Field-oriented control (FOC) is typically used for PMSMs. FOC involves independent
control of the motor’s torque and flux by transforming the stator’s three-phase quantities
into a two-dimensional rotating vector frame (the dq-axis system) [14]. The component
of the stator current phasor along the direct axis (d-axis current) can only produce flux,
whereas the component of the stator current phasor along the quadrature axis (q-axis
current) produces a torque in interaction with the rotor flux [14].

2.4.1. Field-Oriented Control System

FOC, for torque-control, is implemented with a typical closed-loop system as shown
in Figure 3 [14].

Q-axis PI Current
Controller

D-axis PI Current
Controller

Torque
Determination

Inverse Park and
Clarke Transforms

Park and Clarke
Transforms

Motor

Figure 3. FOC closed-loop system. Source adapted from [14].

https://doi.org/10.3390/wevj17080432

https://doi.org/10.3390/wevj17080432


World Electr. Veh. J. 2026, 17, 432 7 of 31

A torque command (τ∗) enters the control system, from which current commands
along the d- (id

∗) and q-axes (iq∗) are generated according to the control strategy. The dq
current commands are then passed through their respective current controllers (which are
described further in Section 2.4.2) to produce dq voltage references (vd

∗ and vq
∗). These

dq voltage references are converted to three-phase voltages, for motor excitation, via the
inverse Park transform

vα
∗ = vd

∗cos(θ)− vq
∗sin(θ), (6)

vβ
∗ = vd

∗sin(θ) + vq
∗cos(θ), (7)

and the inverse Clarke transform

va
∗ = vα

∗, (8)

vb
∗ = −1

2
vα

∗ +

√
3

2
vβ

∗, (9)

vc
∗ = −1

2
vα

∗ −
√

3
2

vβ
∗. (10)

The motor’s three-phase currents provide feedback for the PI current regulators after being
converted to the dq-axis system via the Clarke transform

iα =
2
3

ia −
1
3

ib −
1
3

ic, (11)

iβ =

√
3

2
ib −

√
3

2
ic, (12)

and the Park transform

id = iαcos(θ) + iβsin(θ), (13)

iq = −iαsin(θ) + iβcos(θ). (14)

The motor’s feedback speed establishes the motor’s operating region (constant-torque
or field-weakening). The base speed separates the constant-torque and field-weakening
operating regions [14]. As the motor approaches its base speed, the induced electromotive
force (EMF) approaches the maximum stator voltage, which is constrained by the DC bus
voltage [14]. To enable PMSM operation above the base speed, field-weakening control
is employed [14]. In this operating region, the induced EMF is maintained below the
maximum available stator voltage by injecting a negative d-axis current, which reduces the
motor’s effective air-gap flux linkage [14].

2.4.2. Current Controllers of the Field-Oriented Control System

The current controller regulates the phase currents to ensure accurate tracking of
their reference values. The controller is generally of a proportional-integrator (PI) type, in
which the proportional (Kp,d and Kp,q) and integrator (Ki) gains are based on the machine’s
self-inductance (Ld and Lq), per-phase stator resistance (Rs), and the desired tracking lag
(Ti) [14], using the following equations:

Kp,d = Ld × 2π × 1
Ti

, (15)

Kp,q = Lq × 2π × 1
Ti

, (16)

Ki = Rs × 2π × 1
Ti

. (17)
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For interior permanent magnet synchronous motors (IPMSMs), a fully model-based current
controller is required in the rotor reference frame [14], which is derived in this section. For
a first-order lag system, the transfer function of the current controller is given by

i
i∗

=
Ki

1 + sTi
, (18)

where Ki is the feedback current gain [14]. In the time domain, Equation (18) becomes

d
dt

i =
1

TiKi
(i∗ − Kii). (19)

Substituting Equation (19) into the machine equations of a PMSM (Equations (4) and (5))
results in

vd
∗ =

vd
Kr

=
Rsid + Ld

TiKi
(id

∗ − Kiid)− ωeLqiq
Kr

, (20)

vq
∗ =

vq

Kr
=

Rsiq +
Lq

TiKi
(iq∗ − Kiiq) + ωe(λpm + Ldid)

Kr
, (21)

where vd
∗ and vq

∗ are the dq voltage references, and Kr is the inverter gain [14]. Applying
the integral to both sides of Equation (19) results in

i =
1

TiKi

∫
(i∗ − Kii)dt, (22)

assuming zero initial conditions. Therefore the PMSM equations become

vd
∗ =

vd
Kr

=

Rs
TiKi

∫
(id

∗ − Kiid)dt + Ld
TiKi

(id
∗ − Kiid)− ωeLqiq

Kr
, (23)

vq
∗ =

vq

Kr
=

Rs
TiKi

∫
(iq∗ − Kiiq)dt + Lq

TiKi
(iq∗ − Kiiq) + ωe(λpm + Ldid)

Kr
, (24)

3. Modelling of the Digital Twin
The developed digital twin (DT) is designed to virtually replicate the powertrain of

the Roam Air [16], a popular electric motorcycle in Nairobi, Kenya. The DT ingests rider
inputs (throttle and brake commands), GPS information (GPS location and altitude), and
wind speed data, and outputs the motorcycle’s mobility and battery’s power (as illustrated
in Figure 4).

The wind speed data are manually recorded from a smartphone weather application,
which provides estimates of both the wind speed magnitude and direction. The GPS
information is used to simulate the road’s gradient. After down-sampling the input data
(from approximately 50 Hz to 1 Hz), Gaussian smoothing (with kernel parameters shown
in Table 2) is applied to the GPS information before the road’s gradient is calculated. The
road’s gradient is calculated from the elevation difference (∆h = h[n]− h[n − 1]) and path
length (∆x = x[n]− x[n − 1]) by

θ[n] = arctan
(

∆h
∆x

)
. (25)
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Slope values with ∆x < 5 m are replaced by the nearest slope value with ∆x ≥ 5 m. When
∆x < 5 m, the small ∆x values amplify the inaccurate ∆h values, leading to irregular slope
values. Further slope processing is then performed, whereby slope outliers exceeding the
maximum slope of the drive cycle are identified and replaced with the nearest valid slope
value. These slope outliers are attributed to random ∆h spikes.

Wind Speed

Throttle (1 Hz)

Brake (1 Hz)

Road's Gradient Digital Twin

Motor Speed

Battery Power

Preprocessing

GPS Location (1 Hz)

GPS Altitude (1 Hz)

Down-

sampling

GPS Location

GPS Altitude

Throttle

Brake

Wind Speed (1 Hz)

(a)

dh
Delta

Delta
Haversine

Formula

Gaussian

Smoothing

dx

Gaussian

Smoothing

Irregularity

Handling

GPS Altitude (1 Hz)

GPS Location (1 Hz)

Road's Gradient

(Unprocessed)
Road's Gradientarctan(dh/dx)

(b)

Figure 4. Simulation setup. (a) High-level simulator overview: information from smartphone weather
application (yellow), raw telemetry data (green), processed inputs of digital twin (orange), and
outputs of digital twin (blue). (b) Preprocessing of GPS information to determine the road’s gradient.

Table 2. Parameters for Gaussian smoothing.

Variable Sigma (Samples) Kernel Size (Samples)

Path length (∆x) 0.75 5
GPS altitude (h) 1.80 11

The DT was developed in MATLAB/Simulink (R2021a) and its block diagram is shown
in Figure 5. The DT comprises four subsystems: (1) the battery, (2) the controller, (3) the
motor, and (4) the vehicle’s dynamics. The battery supplies a DC voltage to the controller
for vehicle operation. The controller uses the rider’s inputs (throttle and brake commands)
and the motor’s feedback signals to control the motor. The motor receives phase voltages
(from the controller) and a load torque (based on the vehicle’s dynamics) and returns
feedback signals to the controller. The vehicle dynamics subsystem uses environmental
information and the motorcycle’s speed to establish the motor’s load torque. Through the
interfacing of the subsystems, the DT predicts the motor’s speed and the battery’s power.
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Road's Gradient

Wind Speed

Motor Speed

I_bus V_bus

Battery

Spd_rpm

Throttle

Brake

V_bus

Spd

I_phA

I_phB

Pos 

P_batt

I_bus

V_ph

Controller

Brake

Throttle

Battery Power

Tau_load

V_ph

Spd

I_phA

I_phB

Pos

Motor

Wind Speed

Slope

Spd

Spd_rpm

Tau_load

Vehicle Dynamics

Figure 5. Digital twin’s Simulink block diagram: processed inputs of digital twin (orange) and
outputs of digital twin (blue).

3.1. Battery Model

The Thévenin equivalent circuit model (ECM) is implemented using Simulink’s “Bat-
tery Equivalent Circuit” block [17]. The battery’s terminal voltage is solved discretely with
a sampling frequency of 1 kHz. The bus current is received from the controller model to
calculate the battery’s terminal voltage, which is sent to the controller model for the next
time instant. For the battery model, the ECM parameters vary according to the battery’s
state of charge (SoC) and the flow direction of current as follows:

Voc = Voc(SoC), (26)

Rs = Rs(SoC, Current Direction), (27)

Rp = Rp(SoC, Current Direction), (28)

τp = τp(SoC, Current Direction). (29)

The ECM’s open-circuit voltage (Voc) and parameters (Rs, Rp, τp) were experimentally
derived at the pack level (Section 4.1) and implemented in a lookup map fashion. The
battery’s SoC is determined using the battery’s aged capacity (Caged) and the Coulomb
counting method [17], which is defined as

SoC[n] = SoC[n − 1]− I[n]× ∆t
Caged × 3600

. (30)

Battery temperature and ageing effects on the equivalent internal resistance (EIR) are not
modelled due to the difficulty in experimentally obtaining data for empirical modelling or
physical modelling validation. The effect of the discharge/charge rates on the EIR is also
not modelled, but that is because little ECM parameter variation was observed between
the experimental tests with varying discharge/current rates (Section 4.1).
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3.2. Controller Model

The Roam Air comprises a controller with specifications described in Table 3. The
controller’s inverter efficiency map is shown in Figure 6, which was experimentally deter-
mined in [2] and has efficiency values mapped at torque and speed intervals of 5 Nm and
250 rpm, respectively.

Table 3. Controller specifications.

Specification Value Unit

Control type Field-oriented control (FOC) -
Control mode Torque control -
Control strategy (<ωbase) Maximum torque per ampere (MTPA) -
Control strategy (>ωbase) Adaptive control (PI control) -
Transistor type N-channel silicon MOSFET (10N027) -
Rated power 8600 W
Rated DC voltage 72 V
Rated DC current 80 A

6
0
.6
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Figure 6. Experimentally determined efficiency map of the Roam Air’s inverter.

The controller model serves three functions: (1) generating the reference torque,
(2) implementing the motorcycle’s motor control, and (3) replicating the motorcycle’s
battery current and voltage limits. In addition, the inverter’s power loss is obtained from
indexing the efficiency map in Figure 6 with the motor’s operating point. The controller
model generates the reference torque with the setup shown in Figure 7.
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Figure 7. Controller model’s reference torque generation.
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The “Torque Reference Generator” block produces the reference torque from torque-
speed envelopes, feedback motor speed, throttle and brake commands, and the battery’s
SoC, using Algorithm 1:

Algorithm 1: Torque reference generator logic

if Braking Event (Brake >−1) and SoC < SoCth and ω ≥ ωth then
τ∗ = τbrake(ω);

end
else if Propulsion Event (Throttle > 0) then

τ∗ = τprop(ω)× Throttle (%);
end
else

τ∗ = 0;
end

The algorithm samples the feedback speed, throttle, and brake inputs at a frequency of
1 Hz. The “Brake” signal is logical (−1 = no brake; 0 = brake), where the transition between
the two states is sometimes acknowledged. The “Throttle” signal is a percentage of throttle
rotation (0 % = no throttle; 100 % = full throttle). The τbrake(ω) and τprop(ω) values are
indexed from their respective torque-speed envelope lookup maps. The torque-speed
envelope for propulsion was derived from the motor’s specification sheet [18], whilst the
torque-speed envelope for regenerative braking and the SoCth and ωth thresholds were
experimentally obtained (Section 4.3).

The controller model uses the “Interior PM Controller” block in MATLAB/Simulink
to implement FOC in torque control mode [19], with a sampling frequency of 1 kHz. The
block uses a MTPA control strategy in the constant-torque operating region, whereby dq
current commands are selected such that the required reference torque is produced with
the minimum stator current magnitude [14]. The dq currents for MTPA operation (id,mtpa

and iq,mtpa) are determined from

id,mtpa =
λpm

4(Ld − Lq)
−

√
λpm

2

16(Ld − Lq)2 +
is,max

2

2
, (31)

iq,mtpa =
√

is,max
2 − id,mtpa

2, (32)

where is,max is the maximum magnitude of the stator current phasor and λpm, Ld, and Lq

are the motor’s permanent magnet flux linkage and dq inductances.
The controller model performs flux-weakening via the indirect control scheme, in

which the negative d-axis current (id,fw) is analytically determined from

id,fw =
−λpmLd +

√
(λpmLd)2 − (Ld

2 − Lq
2)(λpm

2 + Lq
2is,max

2 − vs,max2

ωe2 )

(Ld
2 − Lq

2)
. (33)

The d-axis current for flux-weakening (id,fw) is a function of the maximum stator voltage
(vs,max) and the motor’s electrical speed (ωe) [14].

In terms of the Roam Air’s flux-weakening algorithm, it is suspected that it follows a
simpler adaptive control scheme, which uses the stator voltage error (e = vs

∗− vs,max) and a
PI control loop to inject a negative d-axis current [14]. This control scheme is different to that
implemented in the controller model; however, the Roam Air does not operate in the flux-
weakening region. The motorcycle’s specified maximum speed of 90 km/h [16] (3234 rpm)
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is much less than the motor’s rated base speed (3800 rpm) [18], which is attributed to the
motorcycle’s battery current limit set by the controller. This indicates that the motor does
not flux-weaken; therefore, the model’s implemented flux-weakening algorithm is never
activated and consequently has no influence on the digital twin’s results.

The model’s control logic for the constant-torque and flux-weakening operating re-
gions is outlined in Algorithm 2 [19].

Algorithm 2: Control logic for the constant-torque and flux-weakening operating
regions

if |ωe| ≤ ωbase then
id

∗ = id,mtpa(τ
∗);

iq∗ = iq,mtpa(τ∗);
end
else

id,fw = max(id,fw,−is,max);

iq,fw =
√

is,max
2 − id,fw

2;

if |τfw| < τ∗ then
id

∗ = id,fw;
iq∗ = iq,fw;

end
else

id
∗ = id,fw;

iq∗ = τ∗
3
2 P(λpm+(Ld−Lq)id,fw)

;

end
end

The current commands (id
∗ and iq∗) in the constant-torque operating region (|ωe| ≤ ωbase)

are obtained from predetermined lookup tables indexed by the reference torque (τ∗). Addi-
tionally, the field-weakening d-axis current (id,fw) is constrained such that the magnitude of
the resulting stator current phasor does not exceed the maximum allowable stator current
(is,max).

For the PI current controllers that generate the reference dq voltages, a first-order lag
system is used (Equation (18)) with the parameters in Table 4.

Table 4. Parameters for the PI current controllers.

Parameter Value Unit

Feedback current gain (Ki) 1 -
Desired lag (Ti) 0.5 s

The desired lag was selected such that the reference torque, from the throttle sig-
nal, is tracked within its 1 s update interval while preventing oscillations in the dq
voltage references.

The controller model implements battery current and voltage limiting by dynamically
reducing the reference torque via PI control loops that run at a sampling frequency of 1 kHz.
The error signals for the battery current and voltage limiting controllers are generated from
Algorithms 3 and 4, respectively. The control signals are constrained to only reduce the
reference torque when the battery current or voltage exceed their limits. The reference
torque is reduced by subtracting or adding the control signal, depending on the sign of the
reference torque.
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Algorithm 3: Error signal generation for the battery current limiting controller

if ibus > 0 then
error = ibus,upper − ibus;

end
else if ibus < 0 then

error = ibus,lower − |ibus|;
end
else

error = 0;
end

Algorithm 4: Error signal generation for the battery voltage limiting controller

if ibus < 0 and SoC < SoCth then
error = vbus,upper − vbus;

end
else

error = 0;
end

3.3. Motor Model

The motor model was implemented using the Interior PMSM block in MAT-
LAB/Simulink [20], with a sampling frequency of 1 kHz. It receives the reference phase
voltages from the controller model, transforms them to the rotor reference frame to yield
vd

∗ and vq
∗, and calculates the dq currents (id and iq) from

d
dt

id =
1

Ld
vd

∗ − Rs

Ld
id +

Lq

Ld
ωeiq, (34)

d
dt

iq =
1

Lq
vq

∗ − Rs

Lq
iq −

Ld
Lq

ωeid −
λpmωe

Lq
, (35)

ωe = Pωm, (36)

where Rs is the stator resistance per phase, ωe is the motor’s electrical speed, ωm is the
motor’s mechanical speed, and P is the number of pole pairs. The electromagnetic torque
(τe) is then determined from

τe =
3
2

P[λpmiq + (Ld − Lq)idiq]. (37)

The motor model then calculates the motor’s speed from

d
dt

ωm =
1
J
(τe − τf − Bωm − τl), (38)

where J is the moment of inertia of the loaded motorcycle, τf is the Coulomb friction torque
of the loaded drivetrain, B is the viscous friction coefficient of the loaded drivetrain, and τl

is the load torque. The calculated dq currents are converted to the stator reference frame
and fed back to the controller model, along with the rotor’s mechanical speed and position
( d

dt θm = ωm). The motor’s stator copper losses (Pcopper) and mechanical losses (Pmech) are
accounted for, and they are quantified as power losses from
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Pcopper =
3
2
(Rsid

2 + Rsiq2), (39)

Pmech = (ωm
2B + |ωm|τf). (40)

3.4. Vehicle Dynamics Model

The vehicle dynamics subsystem determines the load torque at the motor (τl) from the
external forces exerted on the motorcycle (as shown in Figure 8).

Figure 8. Free-body diagram showing the predominant external forces exerted on the motorbike.

The load force at the wheel (Fl) is given by

Froll[n] = Crrmgcos(θ[n]), (41)

Fslope[n] = mgsin(θ[n]), (42)

Faero[n] =
1
2

ρairCd A(vbike[n] + vwind[n])2, (43)

Fl[n] = Froll[n] + Fslope[n] + Faero[n], (44)

where Froll is the rolling resistance, Fslope is the gravitational force due to the road’s gradient,
and Faero is the aerodynamic force, with the equation’s parameters defined in Table 5. The
road’s gradient (θ) and wind speed (vwind) are obtained from the input data, which are
sampled at a frequency of 1 Hz. The motorcycle’s speed (vbike) is determined using

vbike[n] =
rwheel

Nsprocket
ωm[n], (45)

where ωm is the motor’s mechanical speed sampled at a frequency of 1 Hz from the motor
model, Nsprocket is the drivetrain’s sprocket ratio, and rwheel is the rear wheel radius. The
load torque at the motor (τl) is given by

τl[n] =


rwheel

Nsprocket
Fl[n], vbike[n] > 0,

0, vbike[n] ≤ 0.
(46)

The parameters of the vehicle dynamics subsystem are summarised in Table 5.

Table 5. Parameters of the vehicle dynamics subsystem.

Parameter Value Source

Rolling resistance coefficient Crr 0.01 Calculated (Section 4.4)
Gross vehicle mass m 229.2–313.2 kg Manufacturer (mbike), Measured (mrider)
Acceleration due to gravity g 9.81 -
Air density ρair 1.182–1.191 kg/m3 Calculated (Ideal Gas Law)
Drag coefficient Cd 0.61–0.68 Calculated (Section 4.4)
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Table 5. Cont.

Parameter Value Source

Frontal area A 0.78–0.93 m2 Measured (ImageJ Version 1.54t)
Wheel radius rwheel 0.2953 m Measured
Sprocket ratio Nsprocket 4 Measured

4. Characterisation of Component Parameters
This section presents the experimental characterisation of the digital twin’s component

parameters, covering the battery’s equivalent circuit model (Section 4.1), the motor’s electri-
cal parameters (Section 4.2), the motorcycle’s regenerative braking behaviour (Section 4.3),
and the drivetrain’s friction, drag, and rolling resistance coefficients (Section 4.4).

4.1. Battery Tests

The open-circuit voltage-state-of-charge (OCV–SoC) map and equivalent circuit model
(ECM) parameters of the Roam Air’s battery pack were obtained experimentally. The
specifications of the tested battery pack are presented in Table 6.

Table 6. Battery pack specifications.

Specification Value Unit

Battery cell chemistry Nickel manganese cobalt (NMC) -
Nominal capacity 45 Ah
Nominal voltage 72 V
Voltage operating range 63–84 V
Maximum operating discharge
current magnitude 80 A

Maximum operating charge current
magnitude 50 A

Physical size and shape 21,700 * -
* Cylindrical cell: 21 mm × 70 mm.

Hybrid Pulse Power Characterisation (HPPC) tests were conducted to obtain the ECM
parameters, which involve analysing the battery’s terminal voltage response to constant
current pulses [12]. The HPPC tests were performed with discharge and charge pulses at
10% state of charge (SoC) increments from 10% to 100%. Figure 9 shows the test matrix used
for the HPPC tests, indicating the discharge and charge current magnitudes at each SoC.
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Figure 9. Test matrix showing the current magnitudes used at each SoC: discharge current (red) and
charge current (green).

At each SoC level, tests with varying current magnitudes within the battery’s operating
range (Table 6) were conducted, for both discharge and charge pulses. The intention of this
was to investigate the effect of varying discharge and charge rates on the value of the ECM
parameters. Undistorted low-current pulses below 10% SoC were difficult to obtain because
the battery’s terminal voltage would exceed its lower operating limit (Table 6). A pulse

https://doi.org/10.3390/wevj17080432

https://doi.org/10.3390/wevj17080432


World Electr. Veh. J. 2026, 17, 432 17 of 31

duration of 10 s was selected, as this is commonly used for NMC cells [12]. Additionally,
the tests were conducted within a battery temperature range of 20–40 ◦C and each test was
repeated five times. Figure 10 shows the experimental setup for the HPPC tests.

Figure 10. Experimental setup used for the HPPC tests.

The DC power supply was connected to the battery’s terminals and was used to deliver
the discharge and charge current pulses. The oscilloscope measured the current pulses and
the battery’s terminal voltage, which was visualised and logged (with a sampling frequency
of 1 kHz) on the laptop. Processing of the battery test data was handled in MATLAB, as
summarised in Figure 11, which also presents the measured OCV–SoC map.
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Figure 11. Measured OCV–SoC map and processing of the battery test data.(a) Measured OCV–SoC
map of the battery pack. (b) Measured terminal voltage with markers indicating the processed
sections. (c) Measured terminal voltage before and after filtering. (d) Fitted curve of the filtered
terminal voltage.

For the OCV-SoC map, the average terminal voltage, from the beginning of the mea-
surement file to before the first current pulse, was recorded for the different SoC levels.
For the ECM parameters, the voltage response during the current pulse was analysed. A
moving average filter (with a kernel size of 37 samples) was first applied to the raw voltage
data. The theoretical voltage response to a given step current (Equations (1) and (47)) was
then fitted to the filtered voltage, using a non-linear least-squares solver [21], to obtain the
parameters of the Thévenin ECM with one resistor–capacitor pair.

Vp[i] = e
−∆t
τp × Vp[i − 1] + (1 − e

−∆t
τp )× Rp × I[i − 1]. (47)
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The results of the Thévenin equivalent circuit model (ECM) parameters are described in
Figures 12 and 13. Figure 12 shows the effect of current magnitude on the value of the ECM
parameters for different states of charge and current directions.
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Figure 12. ECM parameters as a function of SoC and current direction, for different current magni-
tudes.(a) Rs for discharging currents. (b) Rs for charging currents. (c) Rp for discharging currents.
(d) Rp for charging currents. (e) τp for discharging currents. (f) τp for charging currents.

At each state of charge in the six frames, the data points mostly form dense clusters,
indicating little change in the ECM parameter values for varying current magnitudes. The
red data points (representing the 10 A current pulses) and sometimes the green data points
(representing the 20 A current pulses) are more dispersed, possibly due to their lower
signal-to-noise ratio, which influences the curve-fitting. Consequently, the ECM results
from the 40 A current pulses were selected for the battery model, which are more robust to
noise and SoC drift.

During the experimental tests, distortion of current pulses greater than 20 A occurred
at SoC levels of 10% and 100% for discharge and charge pulses, respectively. Consequently,
the ECM parameter results from the 20 A pulses were used at 10% SoC for discharging and
100% SoC for charging.

The ECM results from repeated measurements were averaged after the removal of
outliers. Figure 13 presents the average ECM results and their individual measurements
for discharge and charge pulses across the SoC range.

The ECM results are similar across the SoC range, except for the Rp and τp results
at 10% SoC. This is consistent with the OCV-SOC slope between 10% SoC and 22% SoC
(Figure 11a), whereby the faster decline in open-circuit voltage contributes towards the
differently behaving battery during the current pulse.
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Figure 13. ECM parameters, as a function of SoC and current direction, implemented into the battery
model. (a) Rs for discharging currents. (b) Rs for charging currents. (c) Rp for discharging currents.
(d) Rp for charging currents. (e) τp for discharging currents. (f) τp for charging currents.

4.2. Motor Characterisation

The Roam Air uses a single motor with specifications presented in Table 7.

Table 7. Motor specifications.

Specification Value Unit

Motor type IPMSM * -
Rated power 6000 W
Maximum torque 54 Nm
Base speed 3800 rpm
Rated voltage 72 V
Maximum phase current 300 ARMS

* Interior permanent magnet synchronous motor.

The stator resistance per phase (Rs), direct-quadrature (dq) inductances (Ld and Lq),
and permanent magnet flux linkage (λpm) were determined from a DC test, locked rotor test,
and back-EMF test, respectively. The DC test involves injecting a small DC current between
two of the motor’s phases, measuring the line-to-line resistance (Rline), and calculating the
phase resistance (Rs) from

Rs =
Rline

2
. (48)

The locked rotor test involves mechanically locking the rotor at a specific angle, injecting a
low frequency AC voltage into the stator windings, measuring the current response, and
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calculating the required parameter. To determine Ld, the rotor is aligned with the d-axis,
which is parallel to the magnetic axis of any pole pair. To determine Lq, the rotor is aligned
with the q-axis, which is electrically perpendicular to the d-axis. The dq inductance values
(L) are calculated from

L =
1

ωe

√(
V
I

)2
− Rs

2, (49)

where ωe is the motor’s electrical speed, V is the root mean square (RMS) value of the
applied stator phase voltage, and I is the RMS value of the measured stator phase current.

The back-EMF test involves spinning the motor without current, measuring the
RMS line-to-line back-EMF (VEMF,line), and calculating the permanent magnet flux linkage
(λpm) from

λpm =

√
2 × VEMF,line√

3 × ωe
. (50)

All tests were repeated three times and the resulting parameter values of the dq motor
model are shown in Table 8.

Table 8. Parameter values of dq motor model.

Parameter Value Unit

Stator resistance per phase (Rs) 3.9 mΩ
D-axis stator inductance (Ld) 0.0787 mH
Q-axis stator inductance (Lq) 0.0790 mH
Permanent magnet flux linkage (λpm) 0.02 Wb

4.3. Regenerative Braking Assessment

Rudimentary experiments were conducted to quantify the effect of speed, battery
SoC, and inertia on the motorcycle’s regenerative energy, for both braking and coasting
events. The experiments involved decelerating the motorcycle from certain speeds through
braking or coasting, whilst only changing one variable (speed, battery SoC, and inertia).
Timestamped battery voltage, battery current, and motor speed were recorded by the
motorcycle’s onboard telemetry system to indicate the motorcycle’s regenerative energy
and to determine the regenerative torque from Newton’s Second Law (Equation (38)). At
each initial speed, the regenerative torque was determined from the samples collected
between the initial speed and 5 km/h below the initial speed.

To determine the effect of speed on the motorcycle’s regenerative energy, the effect
of battery SoC and inertia were controlled by using battery packs with a sufficiently low
SoC (SoC ≤ 70%) and keeping the motorcycle’s payload constant. Coasting and braking
tests were then performed at initial speed increments of 10 km/h from 10 km/h to 80 km/h,
with between 5 and 43 repetitions for each initial speed.

To determine the effect of battery SoC on the motorcycle’s regenerative energy, the
tests were performed at initial speeds of 40 km/h. Four different batteries were used for
these tests, each with SoC values of 70%, 80%, 90%, and 95%. This SoC range was selected
based on observations from the motorcycle’s driving cycle data, whereby no regeneration
occurs between 100% and 95% and maximum regeneration occurs from 80% and below.
These tests were repeated between 28 and 43 times.

To determine the effect of inertia on the motorcycle’s regenerative energy, the tests
were performed with an added passenger at initial speeds of 40 km/h and a battery pack
with a sufficiently low SoC. These tests were repeated 37 times.
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Figure 14 displays the empirically derived relationship between speed and regener-
ative torque, which is averaged from the results of the individual measurements at each
speed. These results pertain to braking events as it was discovered that no regeneration
occurs for coasting events.
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Figure 14. Effect of speed and battery SoC on the regenerative torque. (a) Effect of speed on the
regenerative torque. (b) Effect of SoC on the regenerative torque.

The regenerative torque appears to be fairly constant at approximately −17 Nm across
the speed range. The minimum speed of regeneration was assumed to be 10 km/h due
to difficulty in conducting tests below 10 km/h. This observation is consistent with the
constant-torque region of the regenerative torque-speed envelope of a typical interior
permanent magnet synchronous motor (IPMSM) [14]. This is further supported by the fact
that the motorcycle does not enter the flux-weakening operating region (Section 3.2).

Figure 14 illustrates the observed relationship between battery SoC and the regenera-
tive current, expressed as a percentage of the maximum regenerative current, measured
from initial speeds of 40 km/h.

Above 95% SoC, the controller disallows regenerative braking. Between 95% SoC and
80% SoC, the controller permits regenerative braking which is battery voltage limited. At
80% SoC and below, the maximum regenerative current at 40 km/h is attainable.

After comparing the regenerative battery current for different motorcycle payloads, it
was concluded that the motorcycle’s inertia has no effect on its regenerative capability.

4.4. Coast-Down Tests

In this paper, coast-down tests involve decelerating the motorcycle from full speed to
rest, without applying brakes, to derive properties of the motorcycle from its speed profile.
Two variations of the coast-down test were performed: (1) with an unloaded drivetrain to
obtain the drivetrain’s Coulomb friction torque (τf) and viscous friction coefficient (B), and
(2) with a loaded drivetrain to obtain the drag and rolling resistant coefficients (Cd and Crr).

The unloaded drivetrain coast-down test was first conducted by lifting the motor-
cycle’s rear wheel using its stand. The test was repeated 15 times with all repetitions
demonstrating similar measured speed profiles as shown in Figure 15.

Due to the linearity of the speed profile, it is assumed that the viscous friction of the
drivetrain is negligible. Consequently, the average deceleration of the motor within the
linear region of the speed profile (αm,avg) was used to calculate the Coulomb friction torque
of the drivetrain (τf) from

τf = −(Jdrivetrainαm,avg). (51)

The effective inertia of the drivetrain (Jdrivetrain) was approximated by determining the
individual inertias of the drivetrain’s rotary components, specifically the rear wheel, chain,
sprockets, and the motor’s rotor. The calculated Coulomb friction torque represents that
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of the loaded motorcycle in the digital twin despite being determined from the unloaded
motorcycle. However, any difference from the calculated value is captured in the rolling
resistance coefficient (Crr) determined from the loaded drivetrain coast-down test.
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Figure 15. Speed profiles measured from the coast-down tests. (a) One of the speed profiles measured
from the unloaded drivetrain coast-down tests. (b) One of the speed profiles measured from the
loaded drivetrain coast-down tests.

The loaded drivetrain coast-down test was conducted on a paved test section. The test
was performed for different rider conditions (upright single rider, low-drag single rider,
and upright rider and passenger), and each test was repeated between 4 and 6 times in each
direction. A typical profile of the measured speed from the loaded drivetrain coast-down
test is shown in Figure 15.

The drag and rolling resistance coefficients were determined by fitting a linear model
to the measured deceleration of the motor (αm) using the least-squares method [22]. From
Newton’s Second Law (Equation (38)), the following linear model was derived:

−αm = Avbike
2 + B, (52)

A =
rwheel × ρair × Cd × A

2 × Nsprocket × J
, (53)

B =
rwheel × Crr × m × g

Nsprocket × J
+

τf
J

, (54)

where vbike is the motorcycle’s speed in m/s, and rwheel, ρair, A, Nsprocket, J, m, g, and τf

are the rear wheel radius, air density, frontal area, sprocket ratio, effective inertia of the
loaded motorcycle, loaded motorcycle mass, acceleration due to gravity, and the unloaded
drivetrain’s Coulomb friction torque.

Table 9 presents the Coulomb friction torque, drag coefficient, and rolling resistance
coefficient values obtained from the coast-down tests.

The estimated Coulomb friction torque and rolling resistance coefficients exhibit high
repeatability, as indicated by their low standard deviations obtained from fifteen and eight
measurements, respectively. The drag coefficient results demonstrate higher standard
deviations, which are attributed to variations in wind speed and rider posture during
each test.

Table 9. Results summary of coast-down tests.

Parameter Specific Condition Mean Standard Deviation Unit

Coulomb friction torque (τf) - 2.17 0.049 Nm

Drag coefficient (Cd) Upright (1 person) 0.68 0.14 -
Low-drag (1 person) 0.61 0.054 -
Upright (2 people) 0.64 0.15 -

Rolling resistance coefficient
(Crr)

Asphalt (1 person) 0.01 0.0045 -

Asphalt (2 people) 0.013 0.0047 -
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For comparison, Coulomb friction torque values were difficult to obtain from literature.
However, the identified drag and rolling resistance coefficients align with values reported
in literature. A typical rolling resistance coefficient used for passenger cars on concrete
is 0.015 [23], which is expected to be higher than the empirically-derived coefficients of
the motorcycle on asphalt. In [24], computational fluid dynamics was performed on a
sports motorcycle, whereby a drag coefficient of 0.53 was obtained for the rider in the
upright position. The Roam Air is not fully-faired like a sports motorcycle, and so its drag
coefficient is expected to be higher.

5. Results
This section presents the validation results of the digital twin against the six measured

drive cycles, covering the battery model’s terminal voltage predictions and the digital
twin’s predictions of battery power, motor speed, and energy consumption.

5.1. Validation of Digital Twin

The digital twin is validated against measured driving cycle data generated in Stellen-
bosch, South Africa. The driving cycle data cover a variety of riding and environmental
conditions, which is summarised in Table 10.

To distinguish between electrical braking (which is activated by the initial brake lever
movement) and mechanical braking (which engages after a greater lever displacement), a
sensor measuring the brake lever’s angular displacement about its pivot point would be
required. Since retrofitting such a sensor to the motorcycle was beyond the scope of this
work, mechanical braking inputs were not incorporated into the digital twin. Consequently,
the validation dataset was generated using only electrical braking. Additionally, trips 1, 3,
and 4 begin with the motorcycle already in motion, as trip segments containing minimal
GPS error were selected for validation. Figure 16 illustrates the validation process of the
digital twin.

Battery Voltage (1 Hz)

Down-

sampling

Battery Voltage

Battery Current Battery Current (1 Hz)

P=VI

Motor Speed Motor Speed (1 Hz) Measured Motor Speed

Measured Battery

Power

(a)

Digital TwinProcessed Inputs

Predicted Battery

Power

Predicted Motor Speed

Measured Battery

Power

Measured Motor Speed

Battery Power Error

Metrics

Motor Speed Error

Metrics

(b)

Figure 16. Validation process of the digital twin. (a) Generation of validation data: raw telemetry
data (green) and validation data (red). (b)Validation process outline: processed inputs of digital twin
(orange), outputs of digital twin (blue), and validation data (red).
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Table 10. Description of trips.

Trip Description Average Speed Total Distance Maximum
Absolute Slope

Maximum Wind
Speed

(km/h) (km) (◦) (km/h)

1 Flat, high speed 68.48 2.94 3 17
2 Flat, low speed 39.97 1.99 2 17
3 Constant uphill 64.15 4.75 5 0

4 Constant
downhill 66.28 2.08 5 0

5 Flat, rider only 36.30 4.27 2 17

6 Flat, rider and a
passenger 38.62 4.72 2 17

5.2. Battery Model Results

The battery model is validated against the measured battery terminal voltage of the
driving cycle data described in Table 10. The predicted terminal voltage was obtained by
initialising the battery model with the measured terminal voltage at the first timestamp and
applying the measured battery current as the model input. Figure 17 and Table 11 present
the battery model’s results.

Table 11. Battery model results.

Trip MAE a

(V)
RMSE b

(V)
Measured
Range (V) NRMSE c r

Predicted
Change in
SoC (%)

Measured
Change in
SoC (%)

1 1.100 1.232 7.08 0.174 0.9158 −6.0 −7.0
2 0.365 0.678 6.99 0.097 0.9616 −4.3 −3.0
3 0.671 0.750 6.88 0.109 0.9302 −12.1 −15.0
4 0.730 1.132 7.50 0.151 0.8982 −1.9 −2.0
5 0.407 0.685 8.06 0.085 0.9567 −8.7 −10.0
6 0.516 0.712 8.00 0.089 0.9696 −9.6 −12.0

a Mean absolute error. b Root mean square error. c Normalised RMSE (RMSE/Measured Range).

From observing the profiles as well as the Pearson’s correlation coefficient (r), it is
evident that the predicted voltage profile strongly follows the measured profile. The
associated p-values of Pearson’s r are not reported, as consecutive samples within a drive
cycle are highly autocorrelated, which violates the independence assumption underlying
the standard significance test for Pearson’s r. Although the statistical significance of the
Pearson’s r values cannot be assessed, visual inspection of the results supports the strong
linear relationships indicated by the correlation coefficients. Furthermore, the error metrics
(MAE, RMSE, and NRMSE) indicate little deviation from the measured voltage for most
trips (2, 3, 5, and 6), whilst the other trips (1 and 4) demonstrate moderate errors.

For trips 1 and 3, there appears to be a noticeable offset between the predicted and
measured profiles. For trip 1, the profiles have similar shapes, with the predicted profile
shifted upwards. This is possibly due to an error in the initial condition. The offset in
trip 3 also originates from an initial condition error, which is exacerbated by the mismatch
at the rising and falling edges of the peaks. This may be attributed to differing battery
temperatures during test and validation data generation.

The discrepancies are more visually pronounced in the battery voltage plots than in
the battery power plots due to the narrower y-axis range of the voltage plots. Although
trips 1 and 3 appear to exhibit the largest voltage discrepancies, the corresponding errors
indicate mean errors of only 1.23 V and 0.75 V. Furthermore, the effect of this error is less
apparent in the battery power plots because of the larger numerical range of battery power.
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Figure 17. Predicted terminal voltage, battery power, and motor speed of the digital twin against
measured values, for six drive cycles. * Trip 4 exhibits more frequent throttle modulation than
the others.
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5.3. Digital Twin Results

The digital twin’s predicted outputs (battery power and motor speed) were obtained
by running the model with the processed inputs defined in Section 3 and initialising the
terminal voltage and motor speed with their measured values. Table 12 compares the digital
twin’s predicted energy consumption with the motorcycle’s measured energy consumption
for the six drive cycles described in Table 10. Figure 17 and Tables 13 and 14 present the
results of the battery power and motor speed predicted by the digital twin.

Table 12. Energy consumption results.

Trip Wh/km
Predicted Wh/km Measured Wh/km Error Wh/km

Error (%)

Total
Energy

Predicted
(Wh)

Total
Energy

Measured
(Wh)

1 71.03 69.16 1.87 2.71 209 203
2 69.21 69.94 −0.73 −1.05 138 139
3 86.87 85.77 1.10 1.28 413 408

4 * 33.83 30.58 3.25 10.65 70 63
5 68.50 67.08 1.42 2.11 293 287
6 64.45 63.53 0.92 1.45 304 300

* The drive cycle exhibits more frequent throttle modulation than the others.

Table 13. Battery power results.

Trip MAE a (W) RMSE b (W) Measured Range (W) NRMSE c r

1 337 706 10,232 0.069 0.9705
2 296 712 10,028 0.071 0.9781
3 189 525 6176 0.085 0.9051

4 d 686 1295 10,117 0.128 0.9349
5 267 700 10,294 0.068 0.9785
6 292 666 9652 0.069 0.9805

a Mean absolute error. b Root mean square error. c Normalised RMSE (RMSE/Measured Range). d The drive
cycle exhibits more frequent throttle modulation than the others.

Table 14. Motor speed results.

Trip MAE a (rpm) RMSE b (rpm) Measured Range (rpm) NRMSE c r

1 158 176 1286 0.1369 0.9728
2 117 167 2816 0.0593 0.9884
3 64 87 1197 0.0727 0.9122
4 74 93 1437 0.0647 0.9770
5 60 92 2921 0.0315 0.9961
6 93 134 2907 0.0461 0.9926

a Mean absolute error. b Root mean square error. c Normalised RMSE (RMSE/Measured Range).

In terms of predicted energy consumption per trip, the digital twin produces percent-
age errors within −1.05% and 2.71% for trips 1, 2, 3, 5, and 6 (Table 12). Trip 4 exhibits a
moderate percentage error of 10.65%; however, this percentage error is amplified by the
low measured consumption of the trip.

The predicted battery power and motor speed profiles are of similar shape to their
respective measured profiles (Figure 17). This is further supported by their similarity
metrics (Tables 13 and 14), demonstrating strong positive correlations with Pearson’s r
values of 0.905–0.981 for battery power and 0.912–0.996 for motor speed. The battery
power error metrics (MAE, RMSE, and NRMSE) indicate little error for trips 1, 2, 3, 5,
and 6, which have average error of less than 10% of the trip’s measured power range
(NRMSE). These trips primarily contain full-throttle and hard electric braking events,
whereas trip 4 contains rapid throttle fluctuations that make torque request interpretation
more challenging. Therefore, considering the characteristic of trip 4’s drive cycle and
its profile in Figure 17, the digital twin performs reasonably well for trip 4, despite its
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moderate error metrics. Additionally, from trip 1’s battery power profile, it appears that
the digital twin underestimates regenerative power. These underestimations align with
the large discrepancies in trip 1’s motor speed profile, which is likely affected by poor
environmental modelling.

5.4. Discussion
5.4.1. Discussion of Results

The largest deviations between the predicted and measured data occurred in trips
1, 3, and 4, with the discrepancies attributed to approximated wind speed data (trip 1),
battery modelling simplifications (trip 3), and challenges in accurately modelling the system
response to rapid throttle modulations (trip 4). In trip 1, motor speed is underpredicted,
which is caused by the overestimated wind speed data affecting the aerodynamic force
on the bike calculated by the vehicle dynamics block. In trip 3, the discrepancy between
the predicted and measured voltage profiles is attributed to the omission of temperature
dependence in the battery equivalent circuit model (ECM) parameters, which was adopted
to reduce the experimental time required for battery pack characterisation. In trip 4, the
large discrepancies in battery power coincide with periods of rapid throttle modulations.
This suggests that the throttle-to-torque request translation algorithm (Algorithm 1) in
the controller block does not adequately capture rapid throttle variations. This is further
supported by the good agreement between the predicted and measured battery power in
the other trips, which exhibit less aggressive throttle inputs.

A sensitivity analysis on trip 6 (described in Table 10) was performed to demon-
strate the impact of the estimated environmental inputs on the model’s predicted outputs
(Figure 18). Evidently, a 50% change in wind speed results in maximum changes in energy
consumption and average speed of −0.5% and 4.0%, respectively. Similarly, road gradient
results in maximum changes in energy consumption and wind speed of −0.2% and 0.5%,
respectively. These effects are very small, therefore inaccuracies in the approximated input
data are negligible.

The digital twin’s overall accuracy compares favourably with existing electric vehicle
powertrain models in the literature, despite the added complexity of simulating a motor-
cycle’s field-oriented control and battery current/voltage limiting behaviour rather than
relying on a simplified driver model. The electric motorcycle powertrain model developed
by [9], which used the most comparable validation dataset, is first considered. The model
yielded energy consumption errors (Wh/m) of −8.63% and −4.75% for dynamometer
and road test validation, respectively. The electric powertrain model by [8], which em-
ploys higher-fidelity component power loss modelling than [9], was validated against
dynamometer test data that only account for aerodynamic drag and rolling resistance,
producing an energy consumption error (Wh/mile) of 1.01%.
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Wind Speed

Wh/km change for a 50% increase in variable value (Wh/km)
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Figure 18. Effect of the approximated environmental inputs on the model’s predicted outputs.
(a) Effect of inputs on predicted energy consumption. (b) Effect of inputs on vehicle speed.

The validated drive cycles span flat, uphill, downhill, high-speed, and low-speed
conditions, as well as single-rider and two-rider payloads, and the digital twin performs
consistently well across all of these, supporting its use for performance prediction under
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real-world riding conditions. Additionally, the digital twin is sufficiently accurate for
comparative powertrain design (e.g., battery pack sizing, motor selection, gear ratio choice),
predicting energy consumption within 2.71% for five of six trips and tracking battery
power and motor speed with Pearson’s r > 0.9 in all cases. Manufacturers are typically
interested in the relative performance of candidate powertrain configurations rather than
absolute precision, and the digital twin’s demonstrated fidelity supports this use case even
without further refinement. This use case of the digital twin is further supported by the
component-level, physics-based structure of the model, which enables each subsystem to
be reparametrised independently. The evaluation of alternative motor control strategies is
another potential application, as the controller is modelled as a distinct subsystem, though
this has not been validated in the present work and would require its own experimental
characterisation before the results could be trusted.

5.4.2. Limitations of Work

As discussed in Section 5.4.1, the validation errors are primarily attributed to the use
of approximated wind speed data, battery modelling simplifications, and the difficulty of
accurately interpreting rapid throttle variations. Future validation using direct wind speed
measurements would better isolate the model’s intrinsic prediction error, while incorpo-
rating temperature-dependent battery ECM parameters and improving the translation of
rapidly varying throttle signals into torque requests would further enhance the model’s
predictive accuracy.

The classic dq motor model used neglects core losses (eddy current and hysteresis
losses), which may become more significant at higher electrical frequencies. Similarly, the
battery model uses a single resistor–capacitor pair rather than the dual polarisation model
described in Section 2.1, trading some transient accuracy for a simpler and more tractable
characterisation process; the strong agreement between predicted and measured terminal
voltage (Table 11) suggests this trade-off was reasonable for the drive cycles tested, though
it may understate transient behaviour under longer steady-state current profiles than those
captured here.

Electric motorcycles involve both electrical and mechanical braking; however, the
work presented is only validated for electrical braking due to limitations in the input
data. For a given drive cycle, more frequent and heavier mechanical braking will result
in the lower energy efficiency of the trip. The frequency and intensity of mechanical
braking depends on the rider’s driving style (e.g., aggressive or economical) and driving
conditions (e.g., uphill or downhill, urban or highway), with aggressive riding in downhill,
urban environments typically requiring the greatest use of mechanical braking. In Sub-
Saharan Africa (SSA), where motorcycles are predominantly used for passenger transport
or delivery services and riders are incentivised to adopt more aggressive riding styles, the
effect of mechanical braking on energy efficiency becomes more prominent. Therefore, the
modelling of mechanical braking is important and is encouraged for future work.

Battery ageing and the thermal behaviour of the battery, controller and motor are not
modelled. Battery ageing, including both cycling and calendar ageing, causes a gradual
loss of capacity and an increase in internal resistance over extended periods. Additionally,
higher battery temperatures result in lower internal resistance [25]. As a preliminary model
intended to assess the relative performance of powertrain configurations over short drive
cycles, these effects are expected to have a limited influence on the comparative results. This
is supported by the small temperature increase of 4 ◦C observed in a similar cell discharged
at 3 C over a 20% capacity change [25]. In comparison, trip 3, representing a short drive
cycle of 4.75 km, involves discharge rates below 2 C and a capacity change of approximately
15%, suggesting that even lower temperature variations can be expected. The framework

https://doi.org/10.3390/wevj17080432

https://doi.org/10.3390/wevj17080432


World Electr. Veh. J. 2026, 17, 432 29 of 31

was applied to an electric motorcycle operating in Nairobi, Kenya, and is intended to be
applicable to other electric motorcycles designed for Sub-Saharan African (SSA) operating
conditions. Ambient temperatures in SSA typically range between approximately 20 ◦C and
35 ◦C, with temperatures exceeding 40 ◦C in some regions during the hottest months. For
predicting the powertrain’s performance under extreme ambient temperatures, component
parameters can be simply recharacterised at these temperatures and reconfigured in the
model following the framework presented in this work. However, to predict the long-term
performance degradation or behaviour under sustained high-load conditions, temperature
effects need to be modelled.

6. Conclusions
This paper presented a validated full-powertrain digital twin of the Roam Air electric

motorcycle, developed to support powertrain optimisation for electric motorcycle manu-
facturers operating in Sub-Saharan Africa. The digital twin models the battery, motor con-
troller, motor, and vehicle dynamics as interconnected subsystems in MATLAB/Simulink,
and it ingests rider telemetry, GPS data, and wind speed estimates to predict battery power
and motor speed during real-world drive cycles.

The powertrain’s component parameters were characterised through three experi-
mental programmes. HPPC testing of the NMC battery pack yielded a Thévenin ECM
whose parameters are consistent across the operating SoC range, with the exception of the
RC pair resistance and time constant at 10% SoC, which is attributed to the steeper OCV
decline in that region. Regenerative braking experiments revealed that the motorcycle
produces an approximately constant regenerative torque of −17 Nm across the braking
speed range, that regeneration is permitted below 95% SoC with battery voltage limiting
activated for voltages exceeding the battery’s upper voltage limit, and that vehicle payload
has no discernible effect on regenerative capability. Coast-down testing yielded a Coulomb
friction torque of 2.17 Nm, a drag coefficient of 0.61–0.68 depending on rider posture, and a
rolling resistance coefficient of approximately 0.01 on asphalt, all of which are consistent
with values reported in the literature for comparable vehicles.

The digital twin was validated against six drive cycles covering a range of riding
and environmental conditions in Stellenbosch, South Africa, over which the battery model
tracked the measured terminal voltage closely, with Pearson’s r values of 0.90–0.97 and
NRMSE values of 0.085–0.174. The digital twin predicts battery power and motor speed
with strong fidelity, achieving Pearson’s r values of 0.905–0.981 for battery power and
0.912–0.996 for motor speed, and it reproduces energy consumption to within 2.71% for five
of the six trips. Trip 4, a short downhill segment with rapid throttle fluctuations, exhibited
a higher percentage error of 10.65%, which is attributable in part to the low absolute energy
consumption of that trip amplifying percentage deviations and to the model’s limited
ability to capture rapid transient throttle behaviour.

The principal limitation of the present work is the exclusion of mechanical braking
from the validation dataset, necessitated by the inability to distinguish electrical from
mechanical braking in the available telemetry. In addition, battery temperature and ageing
effects on the equivalent internal resistance are not modelled, and wind speed during
validation was approximated rather than directly measured. Future work should incorpo-
rate a brake lever displacement sensor to enable full braking characterisation and should
investigate the sensitivity of the digital twin’s predictions to temperature variation and
battery degradation over the operational life of the motorcycle. The methodology and
experimental characterisation framework presented here are potentially transferable to
other electric motorcycle platforms operating across Sub-Saharan Africa, and they provide
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a foundation for computationally efficient powertrain optimisation without the need for
repeated physical prototyping.
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