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focus on battery State of Charge (SOC) recovery. As a proof of concept, a control-oriented, first-
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principles mathematical model of an electric go-kart was developed in MATLAB Simulink using real Published -~ 01 Sept. 2025

prototype parameters to simulate longitudinal vehicle dynamics under different throttle, coasting, KEYWORDS

and braking conditions. In this setup, the vehicle employs a simple Regenerative Braking System Electric Go-Kart

using a direct current motor, which is activated when the throttle pedal is released and operates with Longitudinal dynamics
a constant Back Electromotive Force (EMF) resistance. This mechanism can slow down the vehicle, Mathematical modelling
but a friction brake is still required for a complete stop. Open-loop simulation results show that full- Regenerative braking

throttle driving achieves a maximum speed of 13.7 m/s, resulting in a 1.16% SOC depletion. During
coasting, when regenerative braking is active, a 0.05% SOC gain was recorded over 100 seconds.
For braking applications, the highest energy recovery (+0.030% SOC) occurred with a strategy
involving 4 seconds of coasting followed by strong braking; however, this induced a high
deceleration of -11.7 m/s?, potentially affecting ride comfort. In contrast, inmediate light braking
without coasting resulted in a lower deceleration of -3.4 m/s? but reduced SOC recovery to 0.023%.
These results emphasize the trade-off between energy recovery and ride comfort, underscoring the
need for intelligent, adaptive braking strategies in future compact EV designs, particularly where
integration with autonomous braking systems is anticipated.

1. INTRODUCTION

As environmental concerns continue to intensify, there is a huge interest in the automotive sector toward Electric
Vehicles (EVs) for more sustainable and efficient transportation. However, one of the persistent challenges faced by
battery-based EVs is their limited range. To address this issue, various strategies have been developed to optimise energy
usage, such as improving the Battery Management System (BMS) [1], [2], Thermal Management System [3—6], and
power electronics system [7-9]. Nevertheless, one of the simplest methods is the Regenerative Braking System (RBS)
[10-18], which transforms the kinetic energy during coasting into electrical energy and stores it in the vehicle’s battery.
This extends the driving range and improves overall vehicle efficiency while reducing the wear on the brake pads.

Mamgai [19] provided a comprehensive overview of the RBS mechanism, including those utilising electric motors,
flywheel-based systems (f-RBS), and hydraulic RBS. Ji et al. [10] further identified that kinetic energy recuperation in
EVs can occur under three distinct conditions: during deceleration when the Accelerator Pedal (AP) is released, during
braking when the Brake Pedal (BP) is applied, and during free rolling when both AP and BP are fully disengaged.
Common RBS control strategies include the Combined Serial RBS (SRBS) and the Combined Cooperative RBS (CRBS).
SRBS is characterised by its simplicity and lower cost, making it suitable for low-deceleration applications. In SRBS,
braking initially relies solely on regenerative braking, transitioning to friction braking once a predefined threshold is
exceeded. However, its braking torque is inherently speed-dependent, which may limit its effectiveness at lower speeds.
In contrast, CRBS requires coordinated control of both friction and regenerative braking systems, increasing system
complexity. Nevertheless, it offers speed-independent braking and enables greater energy recuperation by fully leveraging
the electric braking potential [20]. For simplicity, this work adopts simple RBS using a direct current (DC) motor, which
is activated when the throttle pedal is released and operates with a constant Back Electromotive Force (EMF) resistance.
This mechanism can slow down the vehicle, but a manual friction brake is still required for a complete stop.

Despite the energy-saving benefits of RBS, their effectiveness is highly dependent on how friction braking is applied.
Braking too late can cause passenger discomfort due to abrupt deceleration [21], while braking too early limits energy
recovery by dissipating kinetic energy through friction brakes [22]. However, there is a lack of quantitative analysis on
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how specific braking profiles, such as combinations of coasting and friction braking, affect both energy recovery and ride
comfort for small-scale EVs. This study addresses this problem statement by modelling and analysing different braking
strategies to analyse the effect of maximising energy recovery on passenger comfort. This analysis provides valuable
insights and can serve as a reference for designing autonomous braking systems in future applications to further optimise
the system’s performance. To investigate this matter economically, a small-scale EV plant is desired for proof of concept.
Thus, an electric go-kart is considered in this work as it has a straightforward powertrain system and can closely replicate
the actual vehicle. This go-kart system has relatively modest performance capabilities, propelled by an electric motor and
powered by a Lithium-ion battery. In addition, an RBS can be embedded to charge the battery with a suitable motor driver.
Nevertheless, before running any actual hardware test, it is advisable to simulate the response in a virtual environment by
developing a simple yet reliable mathematical model representing the real system [23], [24]. There are several uses of
mathematical models, such as design optimisation [25], controller development [26], dynamic prediction, and
performance analysis [27], [28], where the complexity of the model depends on the type of application. However, for
control purposes, a simple yet reliable model is adequate for capturing only the essential dynamics of the real hardware.

In general, there are two modelling approaches, namely first principle (white box) and system identification (black
box). A system identification model uses measured input-output data to identify the system dynamics without knowing
the underlying relationship. For example, in the work of Wahid et al. [29], a system identification model is developed for
Switch Reluctance Motor (SRM). Similarly, Hikono et al. [25] also use system identification to represent rechargeable
battery performance in EVs. Besides, Sunori et al. [30] also developed a mathematical model for the overall electric
vehicle dynamics using system identification. In the study by Buggaveeti et al. [31], system identification was applied to
a Toyota Prius Plug-in Hybrid Electric Vehicle (PHEV) to estimate key vehicle parameters. The results demonstrated that
the proposed estimation methods were capable of accurately identifying parameters such as frontal area, rolling resistance
coefficient, center of gravity location, suspension stiffness and damping, wheel inertia, tire model coefficients, and half-
shaft stiffness, with sufficient precision for modeling and simulation purposes. Although the method seems easy, the
implementation is not that straightforward. First, a detailed experimentation setup is needed to obtain suitable training
and validation data. Second, there is no standardised method for the training process where a user needs to select from a
vast number of choices, such as the order of the model and types of models. The model is also not generalised since it is
system dependent. Besides, it requires many trial and error processes to avoid model overfitting or underfitting.

On the other hand, the first principal model assumes that the internal system dynamics are recognisable and derivable.
For example, in the work of Gulzar et al. [26], the first principal technique is used to construct a complete vehicle
dynamics model of an EV, which consists of the equations for vehicle dynamics, motor, battery, braking, transmission,
and others. Mohd et al. [32] also employed a first-principles approach, developing a fundamental mathematical model
and simulation of a full-scale battery electric vehicle using the MATLAB-Simulink platform to analyze power flow during
both motoring and regenerative modes. The model primarily consisted of the electric motor, controller, battery, and a
proportional-integral (PI) controller to compensate for battery voltage error. The main challenge in constructing this
model is to obtain its parameters and coefficients, where manual measurement and experimental work are needed.
However, a user can have a deep understanding of the impact of each parameter on the vehicle's performance. Hence, it
is quite suitable for design and optimisation work. Besides, it is easy to generalise for other types of vehicles just by
changing the parameters and coefficients. While prior studies have extensively explored EV dynamics modelling through
both system identification and first-principles approaches, ranging from component-level estimation in full-scale plug-in
hybrid vehicles to comprehensive vehicle simulations, limited attention has been directed towards compact, low -inertia
EV platforms such as electric go-karts, which can be used as a simple proof of concept plant. Additionally, current
regenerative braking research often emphasizes full-scale or high-performance vehicles, with insufficient consideration
of braking dynamics, energy recovery potential, and strategy suitability in smaller, lightweight EVs. Thus, a clear gap
exists in developing simplified, yet precise first-principles models tailored specifically to small-scale EVs and
systematically assessing regenerative braking strategies appropriate for these low-speed, low-inertia systems.

This work aims to address the identified gap by developing a control-oriented, first-principles model specifically
designed for a small-scale electric go-kart platform. The objective is to analyse how different braking profiles affect RBS
performance, specifically by evaluating their impact on the battery’s State of Charge (SOC). The insights gained from
this analysis aim to support the design of intelligent braking controllers for future work that maximise energy recovery
while preserving ride comfort. The compact scale vehicle facilitates a detailed investigation of braking profile effects
without the complexities inherent to larger vehicle systems. Furthermore, unlike existing literature, this work explicitly
evaluates real-prototype parameters within a control-oriented model built in MATLAB Simulink.

2. METHODOLOGY

This section provides the methodology for this work, which starts with explaining a simple mathematical model to
represent specific go-kart longitudinal dynamics that include the equations of the electric motor, brake, drivetrain, and
vehicle body. Then, it continues with the explanation of electric equations to calculate the SOC of a battery. Most model
parameters are measured or calculated based on the real prototype. However, certain parameters, which are difficult to
measure, such as the coefficients, are taken from reputable references. The overall simulation architecture is shown in
Figure 1. This model is developed based on the basic EV Simulink model setup from MATLAB reference [33] with
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several modifications. It is important to note that this study is purely theoretical, and no experimental validation was
conducted at this stage; model validation is planned as part of future research.

reference

Mathematical Model parameters
e e
prototype vehicle l

Open-Loop simulation on
braking profiles and energy
recovery

Result evaluation

Figure 1. Overall simulation architecture

2.1 Direct Current Motor Equation

In this work, a 48 V Brushless Direct Current (BLDC) motor with 1,800 W is considered as the main power source to
propel the go-kart, as shown in Figure 2. Although there are many ways to model this motor, the simplest one is to utilise
the motor's measured maximum power and torque to establish the relationship between pedal pressing and motor torque.
Figure 3 shows the dyno test setup on the motor that was used to plot the torque vs angular speed graph, as shown in
Figure 4. Based on the graph, it is estimated that the maximum torque T,,,,, that can be generated by this motor is around
9.971 Nm by using the polynomial approximation. As for the maximum power P, ., the specification given by the factory
is 1,800 W. Figure 5 shows the Simulink block diagram for the motor that was developed in this work. The inputs to the
block are the percentage of accelerator pedal pressing (APP), motor speed, and vehicle velocity, while the output is the
motor net torque.

==

Figure 3. Experiment setup for traction motor torque-speed
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Traction Motor Torque-Speed Graph
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Figure 4. Traction motor torque-speed graph
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Figure 5. Motor subsystem

To estimate the instantaneous maximum torque produced by the motor at the current angular speed Ty,qx@0 . the lowest
torque between the two previous estimated values, namely the maximum torque Ty,4, and the maximum power Py, is
taken, which can be described by this equation:

P
Thaxew = min (Tmax %) (1)

where w is the instantaneous angular speed of the motor. Thus, the positive torque generated by the motor T,,, can be
mapped with the percentage of throttle-pressing x, via this equation:

Ty = 0.1%:Thhaxew 2

Since the DC motor can also act as a generator via the vehicle momentum when there is no voltage supplied to the motor,
a negative torque, known as regenerative braking, T}, can be calculated as:

Trps = —0.5Thaxew 3

In this case, it is assumed that only 50% of the current torque can be used for RBS based on the maximum vehicle kinetic
energy that could be converted into regenerative energy [34]. Nevertheless, this negative torque should only be considered
when the velocity is more than 2.5 m/s and when the percentage of throttle pressing, x; is zero. Equation 4 provides the
conditions and Figure 5 shows its implementation in Simulink.

ifv<25and x, =0%; Tpps =0 4)
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Finally, the net torque produced by the motor will be calculated as:

Tnnet = Tm + Trps (6))
This net torque will be sent to the drive train block to calculate the traction force generated by the go-kart.
2.2 Drivetrain Equation

In general, the drivetrain is responsible for transferring the net torque, T, ,,.; that is generated by the motor and sent
to the wheel. The tractive force generated by the drivetrain can be calculated as:

G
F, = — (Tm,net = Tioss) (6)
w

where G, is the gear ratio between the output gear and the input gear, 7, is the wheel radius and Tj is the estimated
mechanical torque loss encountered by the drive train that can be estimated by:

Tloss = wb (7)
where b is the assumed damping coefficient of torque. The angular speed of the motor, w can be estimated as:
G,
w= va ®)

Given that v is the vehicle speed. In the simulation, the minimum value of motor speed w, should be set to a small non-
zero value to avoid numerical error, where, in this case, it is set to 0.00001 rad/s. Also, torque loss Tj,ss, should be
constrained to zero when velocity is zero to avoid a negative value that can disturb the logical response of the model.
Figure 6 shows the overall Simulink block for the drivetrain, where the inputs to the block are vehicle speed, net motor
torque and brake force, while the tractive force is the output.

G/IRw

Motor speed [rad/s]

damping stiffness L, — Ginw -
D Il =0 | \ TorqueSpinLoss[Nm] PositiveTractiveForce[N]
VehicleSpeed[mps] (.
- e N
ForNonZeroV DrivelineTorqueOutput[Nm]
IR
MotorTorque[Nm]
»(1
- E NetTractiveForce[N] Trac?efo rce
BrakeForce[N] FrictionBrakingForce[N]

Figure 6. Drivetrain subsystem

Table 1 lists all the parameters used for the drivetrain equation, most of which are measured from the actual go-kart
prototype. Figure 7 shows the sprocket configuration of the go-kart to measure the gear ratio between the drive and driven
gears.

Table 1. Drivetrain model design parameter values

Parameter Description (unit) Values
b Torque damping coefficient  0.004
G, Gear ratio 6.1935
T Wheel radius (m) 0.15
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Figﬁfe 7. Sprocket configuration of the go-kart

2.3  Brake Equation

The input to the brake model is the percentage of brake pedal pressing (BPP), while the output is the brake torque. A
full friction brake is used for the go-kart, as shown in Figure 8.

Figure 8. Go-kart friction brake system

According to Idros et al. [35], since the dynamic of the brake can be assumed linear, and most of the parameters in brake
parts, such as brake actuator bore diameter, the outer and inner diameter of the brake pad, static and kinetic frictions, are
all constants, the brake force F;, calculation can be simplified to:

Fy = kpxp 9

where k;, represents the assumed brake gain of 100, and x;, denotes the percentage of brake press. It is important to note
that the brake input should be negative to yield a negative output since the brake always opposes the motion. Although
most EVs integrate the motor braking and friction brake in their braking system, this work adopts a separate mechanism
to match the prototype. Thus, the model does not include a proportional setting for friction braking and motor braking
distribution. This work adopts an SRBS strategy, which is simpler in design to maximise SOC via coasting and only
control friction braking. The regenerative braking torque is applied at a constant level during initial BP application, and
only the friction braking torque is proportioned based on pedal input beyond a defined threshold. This approach was
selected to reflect the actual implementation in the go-kart prototype, which lacks integrated motor-friction brake
coordination hardware. While this simplification may reduce the model’s resemblance to advanced EV systems with fully
blended braking, it provides a more realistic representation of basic electric drive platforms and reflects the capabilities
of our in-house prototype, for which this is the first custom-developed model. Moreover, it ensures consistent regenerative
performance and isolates the influence of friction braking, enabling clearer analysis of braking profile effects on energy
recovery and ride comfort. Figure 9 illustrates the Simulink block of the brake system.

D » 1
- BrakePedalPosition[%)] D‘/ DesiredBrakeForce[N] @

BPP[%] brake friction [N]

BPP% * MaxBrakeForce

Figure 9. Brake subsystem

journal.ump.edu.my/ijame 12591



Tofrowaih et al. | International Journal of Automotive and Mechanical Engineering | Volume 22, Issue 3 (2025)

2.4  Vehicle Body Equation

Vehicle body dynamics consists of several important forces that can affect the movement of a vehicle. The input to
this block is the tractive force F; and brake force F;, while the output is the vehicle's velocity, v. By referring to Figure

10, the motion of the vehicle is resisted by several forces, such as the aerodynamic force F,, rolling resistance force F,,
and gradient force F.

Figure 10. Simplified vehicle longitudinal model

The overall equation can be represented by utilising Newton's 2™ law by summing all the forces and equating it to the
inertial force, such as:

F,—F,—F,—F, — F, =m& (10)

where m is the mass of the vehicle and % is the acceleration. The vehicle velocity can be obtained by integrating the
acceleration as shown in the Simulink block in Figure 11.

\—A Welocity

(Zy——+BPP . : FtActual
Brake Force » Net TractiveForce[N]

[ Ll

Actual Traction Force Calculation

a—

Aerodynamic Drag Farce, Fa
Tractive Force

0.5'p"Cd"A —|_.
fol @ D HT J—’%m_ny’ T

m/s

Slope resistance Force, Fs

IZ'—»rad deg

Thet Rolling Resistance Force, Fr

conversion
N

|cos | ‘EI—'

Figure 11. Vehicle dynamics subsystem

The equation for each force is derived based on the free body diagram given in Figure 10, and according to the standard
references [36], [37], the equations are given below:

Fa = OSpCdAfUZ

(11)
E. = wmg cos 0 (12)
F, = mgsin(0) (13)

journal.ump.edu.my/ijame 12592



Tofrowaih et al. | International Journal of Automotive and Mechanical Engineering | Volume 22, Issue 3 (2025)

Most of the parameters in Equations (11), (12), and (13) are measured from the go-kart, while some of them, such as the
coefficient, are taken from the standard value based on standard vehicle dynamics literature [36]. Table 2 provides the
values for the parameters used for the vehicle body equation. The vehicle load mass m, inclusive of the driver’s mass, is
considered alongside the go-kart's chassis, powertrain, and electrical system. For simplicity, the frontal area, A; of the
Go-Kart is approximated as a substantial rectangular shape. The area under scrutiny is estimated and graphically
represented as a yellow rectangle and a hatched red polygon in Figure 12, which signifies the area that is not considered.
This approximation allows for a more manageable analysis while maintaining a reasonable degree of accuracy.

Table 2. Model design parameter values

Parameter Description (unit) Values Source
p Air density (kg/m®) 1.2250  Rajamani [36]
Cq Drag coefficient 0.2 M. Abdullah et al. [38]
Af Vehicle frontal area (m?) 0.66 Measured Estimation
Uk Rolling resistance coefficient 0.015  Rajamani [36]
m Vehicle load mass (kg) 150 Measured
g Gravity acceleration (m/s?) 9.81 Standard

0.70m
1.00m

m

Figure 12. Estimation of the frontal area of the Go-Kart

It is also important to use a conditional limiter to avoid the negative velocity value. If the summation of force is
negative (mostly due to the large value of braking force), the velocity will also become negative. By default, the negative
velocity means the car is moving in the opposite direction, but the vehicle is stopped in real situations. To overcome this
issue, a minor adjustment in the traction force is applied, as shown in Figure 13. If the velocity is zero or negative and the
percentage of brake press is more than zero, then the total traction force should be equal to zero. Otherwise, the total
traction force remains the same.

ul if(ul <0 & u2 <=0) - 0 f(1u1 < P“& u2 <=10 .
BPP uz2 else f-—-- = = R merge

Velocity Ft Actual

h 4
else{}
Net TractiveFort

Net TractiveForce[N]

Figure 13. Actual traction force calculation

The same concept is applied to the rolling resistance because this parameter should only have a value when the vehicle is
moving, as shown in the bottom part of Figure 11. Without the condition, the cosine function will provide a value (Note
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that cos 0 = 1) even if there is no input from the throttle. Thus, the condition is set such that if the velocity is more than
zero, the switch is active, but when the velocity is equal to zero, the overall value for rolling resistance force should be
equal to zero. These two sets of conditions are important to ensure that the traction force produced by the model is always
positive.

2.5  State of Charge Equation

The previous equations are enough to simulate the overall vehicle motion. However, the equation that describes the
State of Charge (SOC) needs to be analysed. The relationship can be obtained from the power input in Equation (5) of
the motor, such that

Py = Tm,netw + Pioss (14)

where P;, is the supplied input power from the battery and Py, is the estimated power loss that can be calculated from
the motor efficiency given by the manufacturer, which is n = 0.8 as:

Ploss = (Tm,netw/n) - Tm,netw (15)

Since power is supplied from a battery, by using the electrical equation, it is noted that Py, = Pycryar + Ploss- This power
loss is due to the internal resistance of the battery, and thus:

Py =IVoc_12Rint (16)

where [ is the supplied current, V,. is the open circuit voltage, and R;,; is the internal resistance of the battery. It is noted
that Equation (16) is in the form of a quadratic function, and hence, the supplied current can be calculated as:

_ VOC Y VO%‘ - 4Rintpin (17)

- 2Rint

Once the supplied current value is calculated, the state of charge can be estimated via this equation:

1
- _ 18
so¢ (f IVZ’C) 3600 « 1000C (18)
The integral represents the energy dissipated over a given time interval. Where C denotes the battery's energy capacity
measured in watt-hours (W.h). SOC can be determined by dividing the energy dissipated by the energy capacity. Figure
14 shows the Simulink block and Table 3 provides all the parameters used in the simulation for the SOC equation. Finally,
Figure 15 illustrates the overall schematic diagram of the electric go-karts that include all the subsystems.

: '—..,.
x Accessory Load
-_,—1_[ Motor Power Output[W]

outputPower[W)]

@—
Motor Net Torque [Nm]

MotorLosses MotorPowerlLosses|\

Motor Power Input [W]

MotorEfficiency
CurrentCalculation Battery State of Charge (SOC)
L Open Circuit Voltage [V] N
openCircuitvoltage
b <=5
Xln'ernaIPower WP . ’ . S0Q ° @
- 1/EnergyCapacity % lowSOClimit

(o]

T~ 3attery Current [A] I.—_..
‘ InternalResistance[Ohm] =" ’ SOC[%]
-nlemaIReswstante -

Figure 14. Battery subsystem

Table 3. Battery subsystem model design parameter values

Parameter Description (unit) Values
Voe Open Circuit Voltage (V) 48
Rint Battery internal resistance (€2) 0.1
C Battery energy capacity (kWh) 5
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Figure 15. Electric Go-kart schematic diagram

3. RESULTS AND DISCUSSION

This section discusses the simulation results together with their analysis, starting with the effect of throttle input to
assess different levels of Accelerator Pedal Pressing (APP) on both vehicle velocity and battery SOC. Following this, the
effect of coasting is explored, where the movement of a vehicle without active acceleration or braking is analysed,
particularly comparing systems with and without RBS. Next, the effect of braking is evaluated by observing how different
levels of BPP influence vehicle deceleration and SOC recovery. Lastly, an analysis of different braking profiles is
conducted to investigate how various braking patterns affect energy harvesting and passenger comfort, highlighting the
role of braking strategies in maximising RBS efficiency.

3.1 Effect of Throttle Input

Figure 16 presents the open-loop response of the developed mathematical model over 100 seconds. In Figure 16(a),
three throttle input scenarios are simulated by varying the APP to 30%, 60%, and 100%. The corresponding velocity
responses are shown in Figure 16(b). At 100% AP depression, the maximum velocity reached 13.7 m/s (49.3 km/h), while
at 60% depression, the velocity stabilised at 10.5 m/s (37.8 km/h), and at 30%, the velocity was 7.2 m/s (25.9 km/h). The
comparison of steady-state values confirms the nonlinear nature of the model, as the velocity increase is not proportional
to the percentage of throttle input. This suggests that factors such as aerodynamic drag and drivetrain inefficiencies play
a role in limiting the velocity gains at higher throttle inputs. Figure 16(c) presents the SOC over time, starting with an
initial SOC of 95%. The SOC decreases linearly but at varying rates depending on the throttle input. For a 30% throttle
press, the SOC drops by 0.32% after 100 seconds, for a 60% press, the SOC decreases by 0.63%, and at full throttle
(100%), the SOC declines by 1.16%. These findings are consistent with expectations, as increasing throttle input causes
the motor to demand more current, thereby accelerating the depletion of battery charge. This occurs because higher throttle
inputs signal the controller to increase motor torque, which requires greater electrical power. Since power is the product
of current and voltage, and the voltage is constant in most EV battery systems, the system responds by drawing more
current. This increased current accelerates the discharge of the battery, leading to a more rapid decline in the SOC.

The results highlight the trade-off between velocity and energy consumption in EVs, where higher speeds result in a
more rapid depletion of the battery. The nonlinear velocity response is particularly important for future controller design,
as it suggests that linear control strategies may not be effective in maximising performance and energy efficiency
simultaneously. The approximately linear decrease in SOC across varying throttle levels emphasises the critical role of
throttle management in prolonging battery life. This has direct implications for EV design and energy planning,
particularly in sizing the battery pack. If the battery capacity is not carefully matched to expected throttle usage patterns
and driving conditions, the vehicle may fail to meet its intended mileage range. For instance, even a modest increase in
average throttle input can disproportionately reduce usable driving range. Therefore, selecting an appropriate battery
capacity should consider not only peak performance demands but also typical usage profiles and braking recovery
potential to achieve a balanced energy strategy. In addition, EV design should incorporate adaptive throttle pedal
adjustment mechanisms that limit unnecessary or excessive throttle input, helping to moderate energy consumption and
preserve battery health over time. To better illustrate the relationship between throttle input, velocity, and SOC depletion,
Table 4 below summarizes the key findings.
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Figure 16. Effect of (a) throttle pressing percentage (30%, 60%, 100%) over time; (b) vehicle velocity, and
(c) battery SOC

Table 4. Summary of findings for effect of throttle input

Throttle Velocity Velocity SOC
Input (%) (m/s) (km/h) Depletion (%)
30 7.2 259 0.32
60 10.5 37.8 0.63
100 13.7 493 1.16

3.2 Effect of Coasting

As discussed before, coasting refers to the condition where a vehicle maintains its speed after the AP is released
without applying the BP. In this simulation, the go-kart entered coasting mode after 50 seconds of travel from 100% APP.
Two scenarios were analysed: one with a Regenerative Braking System (RBS) and one without it, as illustrated in Figure
17(a). Figure 17(b) shows that the go-kart without RBS experiences a gradual decline in velocity, coming to a complete
stop after 35 seconds. In contrast, the go-kart equipped with RBS decelerates more rapidly due to motor braking, stopping
after just 20 seconds. This rapid deceleration is caused by the resistance effect from the motor’s magnetic induction,
which generates electricity during AP release.

Additionally, as shown in Figure 17(c), the battery’s SOC for the go-kart with RBS shows a brief increase for
approximately 10 seconds immediately after the AP is released. This increase in SOC, although small (0.05%), is a clear
indication of energy recovery during the coasting phase. Over time, such incremental improvements in SOC contribute
to extending the battery's overall charge duration, effectively enhancing the vehicle's range. Even though the RBS
contribution to SOC may seem minor, its cumulative impact on energy conservation may be significant, as RBS improves
energy efficiency by harnessing otherwise wasted kinetic energy during coasting.

The go-kart with RBS not only stops faster due to motor braking but also benefits from the small increase in SOC,
which contributes to the vehicle’s overall energy efficiency and range over time [39]. The observed SOC gain during
coasting is explained through the underlying mechanism of regenerative braking, converting kinetic energy into electrical
energy stored in the battery. This phenomenon corroborates previous research in [40]—[42], highlighting regenerative
braking as crucial for range extension in EVs. These results highlight the advantages of RBS in enhancing energy usage
during coasting. From a practical perspective, the implementation of RBS also helps reduce friction brake pad wear,
thereby extending the brake pad replacement interval. However, it is worth noting that RBS can alter the natural coasting
sensation experienced by drivers familiar with conventional internal combustion engine (ICE) vehicles. In ICE vehicles,
coasting typically results in a more gliding sensation due to minimal resistance, whereas RBS introduces noticeable
deceleration during coasting, giving a feeling closer to light braking. This change in coasting behaviour may affect driver
comfort and expectations, particularly in transitioning from ICE to EV platforms [43]. To summarize the result, Table 5
demonstrates the differences in performance between the two scenarios.
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Figure 17. Effect of (a) coasting mode starts at 50 seconds time on (b) vehicle velocity, and (c) battery SOC

Table 5. Summary of findings for effect of coasting

Time to SOC Velocity decay ~ Energy recovery

Condition stop (s) change (%) profile contribution
Without RBS 35 0 Gradual None
With RBS 20 40.05 Rapid (due to Yes (small, but

motor braking)  cumulative)

3.3  Effect of Braking

While coasting naturally reduces vehicle speed, friction braking is still required for quicker deceleration. In the EV
market, some vehicles integrate RBS within their braking system by distributing braking force between the friction brake
and regenerative braking, optimizing both deceleration and energy recovery. However, in the case of this go-kart model,
the SRBS system relies entirely on the friction brake for abrupt stopping. Figure 18(a) presents the effects of different
BPP on velocity and SOC. In the first graph, positive values indicate APP, while negative values represent BPP. Initially,
the AP is fully pressed for the first 50 seconds, followed by varying brake applications. The red line represents coasting
without a brake, the blue line shows a 10% BPP, and the green line represents a 50% BPP. As shown in Figure 18(b),
coasting takes approximately 20 seconds to bring the vehicle to a complete stop, whereas 10% and 50% BPP result in
much faster deceleration, approximately around 2 seconds and 0.5 seconds, respectively.

However, as illustrated in Figure 18(c), rapid braking substantially reduces the energy recovery potential of the RBS,
as indicated by a lower increase in SOC compared to the coasting scenario. When the brake is pressed at 50%, the SOC
shows minimal increase, reflecting limited energy harvesting. Similarly, with a 10% brake application, there is some
improvement in SOC, but it is still not comparable to the 0.05% SOC increase observed during coasting. These results
clearly demonstrate how different levels of brake application impact both velocity and battery SOC in an electric vehicle.
The data suggests that higher brake application leads to faster deceleration but results in lower SOC gains. Conversely,
during coasting, kinetic energy from the wheels is efficiently converted to electrical energy, increasing the SOC, as no
energy is dissipated through friction. This behavior highlights a critical trade-off in energy recovery: friction braking
reduces the available kinetic energy that could otherwise be converted into electricity via RBS. Once the friction brake is
applied, the kinetic energy is rapidly diminished, leading to reduced electricity generation. Importantly, these results
reinforce that regenerative braking effectiveness is highly sensitive to braking intensity. In the absence of blended control,
a Combined Serial RBS strategy as used in this study limits energy recovery when friction braking dominates [20]. Thus,
from a design and control perspective, optimising braking profiles to favor coasting or low-level regenerative braking
before friction braking engages can significantly enhance energy efficiency.
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Figure 18. Effect of (a) brake pressing percentage (0%, 10%, 50%) over time on (b) vehicle velocity, and
(c) battery SOC

Moreover, in real-world driving, this suggests that an intelligent braking controller should dynamically manage the
transition between regenerative and friction braking. Such a system could preserve user comfort while maximising energy
recovery, especially in urban stop-and-go conditions where deceleration events are frequent. Table 6 summarizes the
braking analysis for this section. From the findings, it is noted that to maximise the RBS efficiency, modulation between
coasting, regenerative braking, and friction braking is needed.

Table 6. Summary of findings for effect of braking

Braking condition Time to stop (s) SOC change (%)

Coasting 20 +0.05
10% brake 2 +0.009
50% brake 0.5 Minimal

3.4  Analysis of Different Braking Profiles

This section examines the effects of different braking profiles, where the proportion of coasting and friction braking
varies. Figure 19 (a) illustrates the response for four distinct brake profiles. Each profile begins with a full AP application
until (t =50 s), followed by different braking patterns designed to manually bring the go-kart to a complete stop by (t =
55 s). The green line represents brake profile 1, in which the BP is pressed continuously at 2.5% after the AP is released.
The red line represents brake profile 2, where the go-kart coasts for the first 3 s after throttle release, followed by stronger
braking (-5.8% pedal pressing). The blue line represents brake profile 3, which also involves a 3 s coasting period but
with a slightly stronger braking force (-7.5% pedal pressing). Finally, the black line represents brake profile 4, where the
go-kart coasts for approximately 4 s before applying the strongest braking force (-20% pedal pressing). The resulting
velocity responses are shown in Figure 19 (b). All profiles succeed in stopping the vehicle by t = 55 s, but the deceleration
patterns differ. Profile 1 shows a smooth and nearly linear velocity decrease due to the absence of coasting. In contrast,
Profile 4 features a more gradual decline initially, followed by a sharp drop near t = 54.5 s due to the late application of
high brake force. Profiles 2 and 3 produce intermediate deceleration behaviors, with slight differences in intensity and
timing that lead to minor variations in the velocity curves.

To assess passenger comfort, Figure 19 (c) plots the acceleration over time. Initially, there is positive acceleration or
steady speed (from t=0 to t=50 s), followed by a sharp drop into negative values during braking (from t=50 to t=55 s).
The curves reveal peak deceleration before settling as the go-kart stops between (t = 55 s and 100 s). The black line
(profile 4) shows the highest deceleration rate of -11.7 m/s?, despite having only mild deceleration (-1.3 m/s?) during the
cruising phase. The green line (profile 1) displays the lowest deceleration due to light braking, although without coasting.
The red and blue lines (profiles 2 and 3) exhibit moderate maximum decelerations of -5.6 m/s? and -6.4 m/s?, respectively,
with the blue line providing a smoother and more comfortable deceleration experience. Figure 19 (d) displays the SOC
evolution for all brake profiles. Following full-throttle operation, all profiles show a slight SOC increase after t = 50s,
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reflecting limited energy recovery during the braking phase. The black line (profile 4), which involves the longest coasting
period, yields the highest SOC gain, albeit at the cost of a less comfortable ride. In contrast, the green line (profile 1)
shows the lowest SOC gain, with a negligible difference of 0.02%. The blue and red profiles (2 and 3) display modest

SOC increases, though they are less efficient than the black line in terms of energy recovery.
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Figure 19. Effect of different brake profiles on (b) velocity, (c) acceleration, and (d) SOC

The results indicate that optimal energy harvesting through the magnetic induction of the traction motor is achieved
when the go-kart coasts before braking is applied [39]. To further interpret the practical implications of the SOC results,
consider the maximum SOC gain of approximately 0.03% observed in the most aggressive regenerative braking scenario
(Profile 4). To put this into perspective, recall the open-loop throttle test results from Section 3.1, where a moderate
throttle input of 30% led to an SOC depletion of about 0.32% over 80 seconds. By establishing this baseline, a 0.03%
SOC recovery from a single braking event translates roughly into an additional 7.5 seconds of driving time under similar
moderate throttle conditions. Although this individual recovery may appear minimal, it is important to highlight that
regenerative braking occurs frequently during typical driving conditions, particularly in urban or stop-and-go scenarios.
Consequently, the cumulative effect of multiple regenerative braking events can significantly contribute to the overall
extension of driving range and improved energy efficiency. Thus, while each single braking event yields a small SOC
improvement, the aggregate effect throughout an entire driving cycle underscores the substantial potential benefits of
optimising regenerative braking strategies. Future research should focus on developing intelligent braking controllers
capable of maximizing these incremental energy gains without compromising passenger comfort.

However, the rate of BPP after coasting is crucial for maximising energy recovery while preserving passenger comfort.
Achieving this balance is highly challenging, requiring considerable driver skill and experience [43]. Consequently,
developing an intelligent controller that can execute the optimal braking profile by balancing the braking smoothness,
energy recovery, and passenger comfort is desirable [44], [45]. The strength of this study lies in its use of a simplified yet
representative electric go-kart platform, which enables high-resolution simulation of energy dynamics without the
complexity of a full-scale vehicle. Moreover, the control-oriented, first-principles modelling approach bridges theoretical
rigour with practical controller implementation, making it well-suited for future development of predictive braking

algorithms and onboard energy management systems. For clarity of presentation, Table 7 highlights the main findings
from this simulation.

Table 7. Summary of findings for effect of braking profiles

Braking Coasting Brake Time to Max. deceleration ~ SOC change
profile duration (s)  force (%) stop (s) (m/s?) (%)
Profile 1 0 2.5 5 -34 +0.023
Profile 2 3 5.8 5 -5.6 +0.027
Profile 3 3 7.5 5 -6.4 +0.028
Profile 4 4 20.0 5 -11.7 +0.030
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3.5 Limitations of the Study

While the developed model offers a control-oriented and practical framework for simulating electric go-kart dynamics
and regenerative braking behaviour, several limitations must be acknowledged. First, the model has not been validated
with real-world data. As this study focuses on the conceptual analysis of braking strategies, a theoretical approach was
adopted. Future work will include experimental validation once the go-kart prototype is fully instrumented with sensors
and actuators, enabling accurate model tuning and verification against physical performance data. Despite its theoretical
nature, the model provides valuable insight into braking profile patterns that can inform controller design and energy
recovery strategies. Second, the simulation uses step inputs for throttle and braking rather than a representative driving
cycle. This limits the ability to observe cumulative SOC recovery under real-world conditions. Currently, no standardised
go-kart drive cycle is available in MATLAB Simulink, which presents a constraint for realistic scenario testing. Third,
parameters such as torque damping coefficients, aerodynamic drag, brake gain and rolling resistance were partially
estimated using standard references when direct measurement was impractical. While sufficient for capturing dominant
dynamics, this approach may overlook second-order effects. These limitations represent necessary trade-offs to ensure a
manageable and interpretable model suitable for early-stage strategy development. Future work will address these issues
by integrating experimental validation and implementing a realistic drive cycle. Finally, it is important to emphasise that
the focus of this research is to justify the importance of braking profile selection on regenerative braking performance.
Therefore, the model assumes fixed vehicle and environmental parameters to isolate the effects of braking strategies.
Parameter variations such as changes in mass or drag coefficient were intentionally excluded and are expected to be
managed in future work through the application of closed-loop control systems capable of real-time adaptation.

4. CONCLUSION

This study developed a control-oriented, first-principles model of an electric go-kart in MATLAB Simulink to assess
the effects of throttle input, coasting, braking intensity, and braking profiles on vehicle dynamics and regenerative braking
performance. The model incorporated real-prototype parameters and included subsystems for motor behaviour, vehicle
longitudinal dynamics, drivetrain, braking, and battery SOC estimation. It effectively captured the nonlinear relationship
between throttle input and velocity, as well as the associated impacts on battery SOC. This model provides a valuable
tool for simulating and optimising the dynamics of small-scale electric vehicles, like go-karts, making it applicable for
future studies in control development and energy management strategies. Simulation results revealed that increasing
throttle input from 30% to 100% raised velocity from 7.2 m/s to 13.7 m/s, with corresponding SOC depletion rising from
0.32% to 1.16%. Energy recovery through regenerative braking is maximised when coasting is emphasised before friction
braking is applied, where the system recovered up to 0.05% SOC but with the highest deceleration of -11.7 m/s%.. SOC
recovery is sensitive to braking intensity, and excessive reliance on friction brakes diminishes energy harvesting potential.
Moderate braking profiles combining coasting and stronger braking achieved up to 0.028% SOC recovery, though with
lower peak deceleration values (up to -5.6 m/s?). These findings highlight trade-offs between energy recovery and ride
comfort, and the importance of braking strategy in maximising RBS efficiency. Thus, this study has highlighted the
necessity for intelligent braking controllers, which could dynamically adjust the braking force to enhance energy
efficiency without compromising the ride experience. From a user experience perspective, regenerative braking modifies
the coasting feel, requiring adaptation for drivers accustomed to the gliding behaviour of conventional ICE vehicles.
Improvements implemented in this study include the integration of a complete system-level model with regenerative
braking logic, conditional friction braking behaviour, and SOC estimation based on motor power characteristics. These
enhancements enabled a more realistic analysis of energy flow and dynamic response under varying control inputs. Future
work should focus on developing such intelligent controllers capable of adapting brake intensity based on driving
conditions to ensure maximum energy recovery and a smooth, comfortable ride.
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