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This paper presents a cutting-edge Sustainable Power Management System for Light Electric
Vehicles (LEVs) using a Hybrid Energy Storage Solution (HESS) integrated with Machine Learning
(ML)-enhanced control. The system’s central feature is its ability to harness renewable energy
sources, such as Photovoltaic (PV) panels and supercapacitors, which overcome traditional battery-
dependent constraints. The proposed control algorithm orchestrates power sharing among the
battery, supercapacitor, and PV sources, optimizing the utilization of available renewable energy and
ensuring stringent voltage regulation of the DC bus. Notably, the ML-based control ensures precise
torque and speed regulation, resulting in significantly reduced torque ripple and transient response
times. In practical terms, the system maintains the DC bus voltage within a mere 2.7% deviation
from the nominal value under various operating conditions, a substantial improvement over existing
systems. Furthermore, the supercapacitor excels at managing rapid variations in load power, while
the battery adjusts smoothly to meet the demands. Simulation results confirm the system’s robust
performance. The HESS effectively maintains voltage stability, even under the most challenging
conditions. Additionally, its torque response is exceptionally robust, with negligible steady-state
torque ripple and fast transient response times. The system also handles speed reversal commands
efficiently, a vital feature for real-world applications. By showcasing these capabilities, the paper lays
the groundwork for a more sustainable and efficient future for LEVs, suggesting pathways for scalable
and advanced electric mobility solutions.

Keywords Solar electric vehicle, Sustainable power management, Light electric vehicles, Hybrid energy
storage solution, Supercapacitors, PV-battery interface, SRM EV drive, Machine learning

The rising demand for environmentally sustainable transportation has led to a surge in the adoption of electric
vehicles (EVs), particularly in urban environments'. This trend is underpinned by advancements in battery
technology, which have made EV's more viable and cost-effective>*. However, while batteries are integral to EVs,
their limitations in terms of energy density and charging times can be restrictive, especially in applications where
frequent start-stop or acceleration and deceleration cycles are common, such as in light electric vehicles (LEVs)*.
This limitation has prompted research into alternative energy storage solutions that can complement batteries,
particularly in LEVs. One such solution is the integration of supercapacitors, known for their high power density
and rapid charge-discharge characteristics>. The combination of batteries and supercapacitors (known as a
hybrid energy storage system or HESS) offers the potential to address the power and energy density requirements
of LEVs more effectively, improving their performance and extending their range’. Moreover, the integration of
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renewable energy sources like photovoltaic (PV) panels offers an added sustainability dimension to LEVs. PV
panels can harness solar energy to charge the energy storage system, reducing the reliance on grid electricity and
further enhancing the environmental benefits of LEVs*®. Compact and efficient power trains are essential for light
motor solar electric vehicles, significantly impacting their productivity. The size of the power electronic interface
plays a pivotal role in determining the design of lighter power trains for photovoltaic (PV) assisted electric
vehicles'®!!. This study aims to investigate two critical aspects of the power electronic interface: the development
of a lighter hybrid PV, battery, and supercapacitor power supply (HPS) and a lighter SRM converter for electric
vehicle (EV) power trains'>'*. Additionally, this study delves into the realm of efficient and coordinated control
through machine learning, presenting a means of achieving an efficient drive system'*'*. Various hybrid power
systems, including PV, battery, fuel cell, and others'¢, have been extensively reviewed for their application in
light solar EVs. To interface multiple sources to the DC bus, multi-input non-isolated converters have been
proposed!”'8. These converters, integrated with fuzzy logic control, can dynamically determine the instantaneous
power share among the various sources, contributing to an optimized power management scheme!>%.
Furthermore, a novel battery-super capacitor energy storage system?' has been developed with a joint control
strategy for average and ripple current sharing. This system addresses the dynamic energy storage and discharge
requirements of light EVs, contributing to improved performance and efficiency. The development of a light
and efficient power electronic interface, alongside intelligent and coordinated control strategies, is pivotal for
the widespread adoption and success of PV-assisted light electric vehicles in the future?*?. In the domain of
power electronics, bi-directional power flow has emerged as a vital feature for facilitating regeneration during
braking in light motor solar electric vehicles. For this purpose, interfacing converters have been equipped with
bi-directional power flow capabilities, enabling the integration of hybrid power from photovoltaic (PV) and
battery sources?®. Furthermore, an enhanced DC bus regulation has been achieved through the development
of an additional stage for battery interfacing using three-level converters. This advancement not only reduces
the size and stress of components but also facilitates battery charging while ensuring power factor correction
during the charging process from the utility grid®>?°. The single-stage integration of hybrid power eliminates
the need for a maximum power point converter at the PV interface, thereby simplifying the topology*. Efforts
have also been made towards optimizing the sizes of power sources according to specific applications, improving
bi-directional power conversion capability, integrating various functions into a single converter, conducting
thermal stability analysis, and integrating auxiliary functions into the interface converter®*->>. However, these
advanced topologies, with their merits of multiple source interfaces, have also led to complex interfaces and an
increased number of power converters and associated filter components®®’.

In the realm of control strategies, various models, including model-based, predictive control, and heuristic
approaches, have been developed for efficient power sharing and rapid dynamic responses in the switched
reluctance motor (SRM) drive®**. These approaches encompass heuristic methods such as genetic algorithms™,
energy scheduling based on predictive demand*, and hierarchical power allocation predicated on the C-rate
of the battery and PV power availability*>**, aimed at facilitating current sharing among the available sources
in a hybrid power supply**. Genetic algorithms, for instance, provide an approach to optimizing the current
distribution among the different power sources to meet the load requirements, enhancing the overall efficiency
and responsiveness of the system?®. Other strategies include model predictive current reference generation,
which leverages mathematical models to predict future current demands*, driving cycle-based power demand
estimation and sharing function determination, which use historical data on driving patterns to estimate future
power requirements*®, and anticipatory demand control, which anticipates future demand changes based on a
range of inputs, such as weather conditions and driver behavior*’. Recent advancements in control coordination
have introduced machine learning techniques such as artificial neural network (ANN) based deep reinforcement
learning®®, ANN for system dynamics estimation®, and virtual energy hubs***!, which are being utilized for the
control of power conversion. ANN-based methods have the ability to learn from data and adjust control strategies
accordingly, making them highly adaptable to varying conditions and requirements. Notable innovations in
SRM current control involve the use of fuzzy logic to determine torque reference and instantaneous current®,
supervised learning for torque ripple minimization®, and modified output voltage shape with multi-level
converters for improved torque response . Fuzzy logic control provides a more intuitive way to control torque
and current in an SRM, whereas supervised learning methods can be used to fine-tune control parameters
based on real-world data, enhancing overall efficiency and performance. Modified output voltage shapes with
multi-level converters, meanwhile, can provide better torque response and smoother operation by adjusting
the voltage waveform to match the motor’s requirements®. Additionally, dead-beat control based on the motor
model has been employed to minimize torque ripple®®, and online learning techniques have been used for
torque sharing function to enhance steady-state and dynamic drive response. Dead-beat control, for instance,
uses a motor model to predict future torque demands and adjust control parameters accordingly, while online
learning techniques enable the control system to adapt and improve its performance over time based on real-
time feedback.

The research problem addressed in this paper is the optimization of power management in light electric
vehicles (LEVs) through the integration of a hybrid energy storage solution (HESS) and machine learning-
enhanced control. Specifically, the focus is on achieving optimal power flow between batteries, supercapacitors,
and photovoltaic (PV) panels to improve vehicle performance, extend battery life, and increase the sustainability
of LEVs. Traditionally, LEV's have relied solely on batteries for energy storage, which can be limiting due to their
energy density, charging times, and life cycle limitations. The integration of supercapacitors offers a solution to
these limitations, as supercapacitors have high power density, rapid charge-discharge characteristics, and longer
lifespans compared to batteries. Additionally, the use of renewable energy sources such as PV panels further
enhances the sustainability of LEV's by reducing the reliance on grid electricity. However, effectively managing
the power flow between batteries, supercapacitors, and PV panels is challenging, especially in dynamic and
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nonlinear LEV systems. Traditional control strategies may struggle to optimize power flow in real-time, resulting
in suboptimal performance and reduced battery life.

To address this challenge, this paper proposes a novel control strategy that integrates a HESS comprising
batteries, supercapacitors, and PV panels with machine learning algorithms. By leveraging MLs ability to learn
and adapt to complex and changing systems, the proposed control strategy aims to optimize power flow in real-
time, ensuring optimal performance and efficiency.

The key contributions of this paper include:

e The development and implementation of a novel control strategy for LEV's that integrates a HESS with
machine learning algorithms.

e The demonstration of the feasibility and effectiveness of the proposed control strategy in a real-world LEV
application, showcasing its ability to optimize power flow, enhance vehicle performance, and extend battery
life.

e The validation of the proposed control strategy’s ability to increase the sustainability of LEVs by reducing
their reliance on grid electricity and enhancing their overall efficiency.

The findings of this research have significant implications for the design and operation of LEVs, as they offer
a more sustainable and efficient alternative to traditional battery-powered vehicles. Additionally, the proposed
control strategy has the potential to be applied to other types of electric vehicles, as well as other energy storage
and renewable energy systems, further expanding its impact on the field of sustainable transportation.

The paper is organized as follows: In Section "System modelling", we detail the hybrid energy storage solution
(HESS), outlining its integration of batteries, supercapacitors, and photovoltaic panels. In this section, we also
present the mathematical models that describe the dynamics and behavior of the proposed drive system. Section
"Controller modelling" covers the control structure for the proposed converters, including the machine learning-
enhanced control strategy designed to optimize power flow between the various energy storage elements. In
Section "Simulation results and performance evaluation", we share the simulation setup, including performance
metrics and results from the validation of the proposed system. We discuss improvements in power efficiency,
battery life, and overall LEV performance. Finally, in Section "Conclusion and future research directions", we
offer a summary of the key findings and contributions of the study, along with implications for future research
and development in sustainable transportation and energy management.

System modelling

With the objective of reducing the size of the power conversion interface for electric vehicle drive firstly, a Hybrid
Power Supply (HPS), which integrates battery power into a DC bus in two cascaded stages and PV power in one
stage is developed as shown in Fig. 1 °>*’. The power converter associated with PV source is a unidirectional
converter which feeds PV power into DC bus through boost converter®®>. The objective of control of the boost
converter is necessarily maximum power absorption and transfer to the DC bus. The power converters associated
with Battery and Supercapacitor is bi-directional converters. Switch S, facilitates the buck mode of operation
for transferring power from DC bus to battery while switch S, facilitates the transfer of power from the Battery
to the DC bus. Similar operation is achieved for supercapacitor with switches S, and S, respectively. Ly, and L,
serve as filter inductors for the transfer of power. The battery feeds the supercapacitor bus in the first stage, which
feeds the DC bus in the second stage. The proposed topology has two advantages. First, the size of the inductor
between the battery and supercapacitor interface, Lg,,, is reduced compared with conventional topology for the
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Figure 1. Schematic of HPS-fed SRM drive for light electric vehicle.
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same allowable current ripple. Second, the voltage stress on the power switches at the battery-supercapacitor
interface is reduced as compared to conventional topology. Secondly, the number of power switches in the SRM
power converter is also reduce to four by maintaining one switch common in commutation of each phase as
shown in Fig. 1. The operation of this converter is like an asymmetric bridge converter with the duty cycle of
common switch is thrice to that of other switches. Switch G, commutates in common to all three phases which is
connected to high side of HPS. Switches G,, G;, and G, commutate, respectively for each phase connected to the
low side of HPS. The 6/4 pole SRM is controlled through direct torque control scheme with reference generated
through machine learning-based torque estimation, as seen from Fig. 1. Space vector modulation is utilized for
the current control of the drive.

Mathematical model of the system

Hybrid power supply dynamics

The differential equations governing the switching of PV converter are given in (1) and (2), where ipy and Vpy,
are the instantaneous current and voltage of PV source, dpy is the duty cycle of converter, Vj,, is the DC bus
voltage, Lpy is the filter inductor in interface, A is the material constant of PV array.

dipV VPV - (1 - dPV)VBuS

dt - Lpy (1)
ipy = isc(e" — 1) @)
Now, the maximum power condition is achieved at the instant where.
dpP dP
PV dErv 3)
dipy dVpy
I o, @Ppv _ d . . d
Considering PPV = VPV.iPV, —— = — (Vpyipy) = Vpy + ipy — Vpy (4)
dipy dt dipy
Now at maximum power point, according to Eq. (3) ‘gj H=0 which implies
d av \%
Vpy + ipy —— Vpy = 0implies—; PV + ﬂ =0 (5)
dipy dipy pv
Discretizing Egs. (1) and (5), we get
ipy(k+1) —ipy(k) _ Vpy (k) — (1 — dpy (k + 1)) Vpus(k) ©)
f Lpy
Vpy(k+1) = Vpy(k) | Vpv(k) )

ipv(k+1) —ipy(k)  ipv(k)

where t; is the sampling time and is the reciprocal of switching frequency.

dpy (k + 1) is thus calculated from (6) with sampled values satisfying Eq. (7) which corresponds to maximum
power point operation.

The differential equation governing the switching of supercapacitor interface converter is given in (8) , where
i, and V_ are the instantaneous current and voltage of Battery, d, is the duty cycle of battery interface converter,
V. is the DC bus voltage, L, is the filter inductor in interface.

disc (1)

L
sC dt

= Vsc(t) - dl(t)VBus(t) (8)

Discretizing the differential equation,

isc(k + 1) - isa(k)

L
S s

= Vi (k) - dl (k + I)VBus (k) (9)

Now, the current to be generated in the next sample being the reference value of current i, duty cycle for
the next sample is estimated as follows:
Vee(k) L, Lcisc (k)
VBus (k) tsV Bus (k) tsV Bus (k)
The differential equation governing the switching of battery-supercapacitor interface converter is given in

(11), where iz, and V3, are the instantaneous current and voltage of Battery, d, is the duty cycle of battery
interface converter, V. is the supercapacitor bus voltage, Ly, is the filter inductor in interface.

dik+1) = (10)

dipat (t)
Lpat— 1 = Var(t) = da(t) Vius (1) (11)
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Discretizing the differential equation,

iBar (k + 1) — ipar (k)
t

Lp
a ts

= VBar (k) — da(£) VBus(k) (12)
Now, the current to be generated in the next sample is the reference value of current ig,,, duty cycle for the

next sample is estimated as follows:

VBat(k) _ LBatiEat LBatiBat(k)
Vie(k) £V (k) tsVsc ()

dy(k+1) = (13)

SRM Converter dynamics
The switches G, and G, are turned ON as shown in Fig. 1, which results in + Vj,, voltage level at Phase A output
terminals.

d(ﬁ(@,iA)

Va = Vpys = rig + i

(14)
iA = iBys (15)

The switches G, and G, are turned OFF, the complementary action of turned OFF G, and G, force diode D,
and D, to turn ON, which results in — V5, voltage level at Phase A output terminals and the energy in phase A
winding is freewheeled into source. During this interval,

. d(p (0: iA
Vi = —Vpus = rig + T) (16)
ix = —iBys (17)
Similar dynamics for other phases shall be provided as follows:
., de(®,ip
Vi = Vius = rip + (18)
i = ius (19)
during energizing phase B, and
. de(0,ip
Vi = —Vius = rig + — (20)
ip = —iBys (21)
during de-energizing phase B.
; dep(0,ic
Ve = Vpys = ric + T) (22)
ic = ipus (23)
during energizing phase C, and
. d(ﬂ (0) iC
Ve = —Vpys =ric + T) (24)
ic = —iBus (25)

during de-energizing phase C.

Dynamics of SRM:

The magnitude of the rotor flux space vector and its position are very important aspects in designing DTC. The
rotational d-q coordinated system can easily be designed with the help of rotor magnetic flux space vector®-62.
In many existing methods, the flux model has been implemented in this paper by utilizing monitored rotor speed
and stator voltages along with currents. It is obtained from basic stationary reference frames (a, ) associated with
the stator. The rotor flux space vector is achieved and are resolved into the a and p components as follows®*%4,

d
[(1—-0)Ts + Tr]a@ra =

Lin d.
Risusot - Qra — wTr(Prﬂ — oLy Tsalsa (26)

Scientific Reports |

(2024) 14:5661 | https://doi.org/10.1038/s41598-024-55988-5 nature portfolio



www.nature.com/scientificreports/

d L d,
[1=0)Ts+ Tr]a(prﬂ = %”Sﬁ —Qrp — oTrQrqg — O‘LstElSﬁ (27)
With T, = I%and Ts = I%anda =1- %
Where L and L, are stator and rotor self-inductance, L,, is motor magnetizing inductance, R, and R, are
denoted for rotor and stator Resistance, w is the angular speed of the rotor, P, is pole pairs in SRM, Tis rotor

time constant, Tiis stator time constant, and o is used for leakage constant.

Controller modelling

The control strategy of the proposed system is sophisticated and involves several interconnected layers, each
serving specific purposes to ensure the efficient operation of the PV-assisted EV drive®®. The first layer, which
is akin to a pattern recognition machine learning algorithm, is responsible for setting the instantaneous torque
based on the detected driving pattern, estimating the PV power output, and tracking the maximum available
power from the PV system®”. This layer relies on historical data and real-time inputs to make accurate
predictions and optimize torque and power output. The second layer operates using mathematical models of
the system and the motor itself. It employs these models to estimate the speed of the motor without relying on
traditional speed sensors, thereby reducing cost and complexity. Additionally, it controls the hybrid power supply,
adjusting the flow of power from the PV, battery, and supercapacitor to meet the instantaneous power demand of
the drive®®7°. The final layer is focused on coordinating the power flow throughout the entire interface. It ensures
that power is distributed optimally among the different sources to maintain a stable DC bus voltage, regulate the
system’s response to load changes, and ensure efficient utilization of all available energy sources. This coordination
is vital for the overall performance and reliability of the PV-assisted EV drive, as it ensures that the drive system
operates efficiently and reliably under various operating conditions.

Machine learning for torque and PV power estimation, MPP tracking

The machine learning algorithm in the proposed system is fed with three main types of input data: the difference
between the actual motor speed and the reference speed for torque reference generation, the irradiance level for
PV power estimation, and the error in the conductance for maximum power point (MPP) determination”7>.
The algorithm employs a multi-layered approach, consisting of two inner layers, to establish a relationship
between the input data and the desired output values. In the first inner layer, pattern recognition techniques are
used to identify the appropriate torque reference, PV power level, or MPP reference. This process is illustrated in
Fig. 2, which outlines the implementation of pattern recognition for each of these outputs. The structure of the
machine learning model is carefully designed, and the weights associated with each connection between nodes
are updated in each iteration based on a predetermined criterion. This iterative process allows the algorithm to
learn and improve its performance over time, ultimately leading to more accurate torque references, PV power
estimations, and MPP determinations.

The pattern recognition-based machine learning algorithm utilized in this study incorporates a deep
understanding of motor dynamics and solar irradiance variation to predict and optimize the electric vehicle’s
performance’”. Specifically, the algorithm determines optimal torque settings based on input parameters like
the error function of motor speed, reference speed, and irradiance for PV power estimation. In the initial layer,
the algorithm estimates the required torque through a unique multi-layered machine learning model, which relies
on deep neural networks. The model processes the input parameters to predict the output torque, taking into
account the highly nonlinear characteristics of the electric vehicle’s drive system. The training process employs
an extensive dataset consisting of 14,000 samples. This dataset encompasses a wide range of driving scenarios,
including various combinations of vehicle speeds, load profiles, and ambient conditions. The machine learning
model undergoes iterative adjustments to its internal weights, improving its accuracy and predicting capability
with each training cycle. The training process involves both forward and backward propagation techniques,
refining the network’s internal structure to enhance its performance’®”’. This iterative learning process continues
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Figure 2. Multi-layered machine learning for pattern recognition for torque, PV power and MPP.
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until the algorithm achieves a satisfactory level of accuracy in predicting the desired torque. The performance
of the machine learning algorithm is evaluated through rigorous testing, ensuring its accuracy, precision, and
robustness across diverse driving conditions. The algorithm’s superior predictive capabilities are showcased
through its ability to accurately determine torque references, enabling optimal power management and efficient
energy utilization in light electric vehicles. These advancements in machine learning-based control algorithms
not only enhance the efficiency and performance of electric vehicle drives but also pave the way for future
innovations in autonomous driving and intelligent transportation systems. Algorithm for Multi-layered ML
pattern recognition model implementation is shown in Fig. 3.

Model based SRM Speed estimation

Speed estimation is a critical aspect of motor control in electric vehicle (EV) systems. It is traditionally achieved
through the use of speed sensors, which can be costly and introduce complexity to the system”®-%. To address
these challenges, we propose an innovative approach that leverages mathematical models and a model reference
adaptive controller (MRAC) to estimate speed without the need for physical speed sensors. This approach is
illustrated in Fig. 4, which shows a block diagram of the speed estimation process. In this system, the output of
the switched reluctance motor (SRM) converter depends on both the voltage at the DC bus (V},,) and the pulses
generated by the pulse width modulation (PWM) generator. These converter voltages can be accurately estimated
using mathematical expressions based on the motor and converter models. This eliminates the need for physical
voltage sensors, significantly reducing the cost and complexity of the system. The core of the speed estimation
process lies in the mathematical model of the SRM converter, which accurately describes the relationship between
V.o the PWM pulses, and the motor speed. This model is utilized in the MRAC to adaptively estimate the motor
speed based on the observed behavior of the converter. Overall, this approach offers a cost-effective and reliable
alternative to traditional speed sensing methods, making it an attractive option for EV applications.

The following equations can estimate the speed:

S = i3 R Ld
Vs = s s + Lis

) d s
dt (lds) + E (I/Idm>

| Provide Wye(n)
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Figure 3. Algorithm for Multi-layered ML pattern recognition model implementation.
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Figure 4. Speed estimation by MRAC.
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where T, = ILQ—:.
Hence, the rotor speed is calculated by the below equation
d 1 d d L . )
oy = Eee = wai,aw;, - wg,awér) T ((p;,z;S - w;,z;S)J (34)

Model based current control of HPS
The proposed control structure for the Hybrid Power Supply (HPS) system in Light Electric Vehicles (LEVs) is a
novel approach that combines principles of Proportional-Integral (PI) control for current reference generation
and Model Reference Adaptive Controller (MRAC) for duty cycle generation. The main objectives of this control
algorithm are to regulate the DC bus voltage to its permissible value and facilitate instantaneous power supply
sharing between the battery and supercapacitor for varying load conditions. The control scheme, as depicted in
Fig. 5, consists of two primary components: the current reference generation and the duty cycle generation. The
first part focuses on generating the appropriate current references for the battery and supercapacitor based on
the desired DC bus voltage. It involves the use of a PI controller that adjusts the current references to maintain
the DC bus voltage within acceptable limits. The second part of the control scheme involves the generation of the
duty cycles for the converters that interface with the battery and supercapacitor. These duty cycles are calculated
based on the power sharing requirements and the load variations. The MRAC plays a crucial role in ensuring that
the duty cycles are adjusted in real-time to meet the dynamic power demands of the system. Overall, the proposed
control structure offers a robust and efficient solution for regulating the HPS system in LEVs. It provides precise
control over the DC bus voltage and enables seamless power sharing between the battery and supercapacitor.
The PV interface converter, situated within the Hybrid Power Supply (HPS) system of Light Electric Vehicles
(LEVs), performs a critical role in managing power distribution efficiently. It operates independently from
the battery and supercapacitor converters, ensuring that the Direct Current (DC) bus receives the maximum
available power from the solar panels at all times. This autonomous operation ensures the optimal utilization
of solar energy in the system. Meanwhile, the battery and supercapacitor converters complement the power
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Figure 5. Model referred duty estimated PI current control for HPS.
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supply by providing additional power when the PV system alone cannot meet the demand. The battery and
supercapacitor converters are designed to distribute the remaining power needed to meet the load demand
equitably. This ensures a balanced and consistent power supply to the vehicle. To facilitate seamless power
distribution among the PV, battery, and supercapacitor converters, a sophisticated control scheme has been
developed. This control strategy is based on a model-referred duty estimation-based Proportional-Integral (PI)
current regulation approach. This approach continually assesses the current states and references of the converters
to generate optimized switching pulses. These pulses regulate power flow, maintain the DC bus voltage, and
enable effective power sharing among the converters. As a result, the model-referred duty estimation-based PI
current regulation scheme ensures efficient and balanced power distribution within the HPS system of LEVs.
This innovative approach significantly contributes to the advancement of sustainable and eco-friendly electric
transportation by improving vehicle performance, reliability, and energy efficiency.

Error in the DC bus voltage serves as input to PI regulator, which determines the magnitude and direction of
current supplied by the hybrid combination of battery and super capacitor. Then, the weighted average current
estimator separates the reference for battery current and weighted transient current estimator separates the
reference current to be absorbed or delivered by supercapacitor at instant. The weights for average and ripple
current estimators are the factors by which hybrid reference current i, is raised by (1-d.,,,) and (1-d,,,,)
respectively, where d,,,,, and d,,,,,, are the nominal duty cycles of stage 1 interface converter and stage 2 interface
converter respectively. During average and ripple extraction from reference current, the averaging of reference
current is limited by the c-rate of battery and the ripple extracted shall be supplied by the supercapacitor
instantaneously. Further, the model equations described in (6) concerning the condition satisfied in (7) generate
the instantaneous duty cycle for PV interface converter. The duty thus generated is compared to constant
frequency triangular carrier waveform to generate switching pulses for Spy. Also, Eq. (16) serves as a reference
to generate duty cycle for the stage 2 converter while Eq. (10) serves as a reference for duty cycle generation for
stage 1.

Coordinated control of drive

Coordinated control for optimal current regulation into Switched Reluctance Motor (SRM) for speed and torque
commands plays a crucial role in ensuring the smooth and efficient operation of the SRM drive®!-*3. The control
scheme is depicted in Fig. 6, where the SRM model estimates torque based on phase voltages and currents.
The obtained instantaneous torque reference from the supervised model is then compared with the estimated
torque, resulting in torque hysteresis. Similarly, flux hysteresis is developed from the SRM model, as illustrated
in Fig. 6. These two hysteresis components serve as inputs for determining the instantaneous voltage vector,
as presented in Table 1. In Fig. 7, the corresponding voltage vectors are generated from the integration of the
estimated speed to identify the sector. However, due to the specific topology of the converter with four switches,
one switch common in all three phases, the generated vectors are identified differently, as shown in Fig. 7.
Accordingly, the corresponding switches of the leg are turned ON to control the current flow into the SRM.
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Figure 6. Control block diagram for SRM.

Flux error | Torque error | Magnitude shift | Phase shift
Positive Positive Increase Anti-clockwise
Positive Negative Increase Clockwise
Negative Positive Decrease Anti-clockwise
Negative Negative Decrease Clockwise

Table 1. Current Control Space Vector Dynamic Switching.
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Figure 7. Vector based instantaneous switch combinations for SRM current control.

This comprehensive approach ensures the effective and coordinated control of the SRM drive, optimizing its
performance and efficiency in various operating conditions.

Simulation results and performance evaluation

A detailed simulation of the proposed drive was conducted using MATLAB/SIMULINK, wherein the load was
modeled to reflect real-world electric vehicle drive cycles, encompassing scenarios like acceleration, maintaining
a constant velocity, and vehicle deceleration. The parameters employed in the system simulation are outlined in
Table 2, covering various aspects such as power sources, the motor itself, power switches, filter elements, and
specifications pertinent to machine learning. Throughout the simulation, the proposed drive underwent rigorous
testing to assess its performance across a spectrum of critical metrics. Initially, the accuracy and real-time viability
of the machine learning algorithm were scrutinized for its capacity to generate torque references, estimate PV
power, and identify the maximum power point (MPP) voltage. Subsequently, the regulation of hybrid power
supplies (HPs) and the distribution of power among diverse sources were evaluated. Furthermore, the drive
was put through a battery of tests to evaluate its response in different operational scenarios. This encompassed
examining steady-state torque ripple, the transient response of torque and speed, and the response when reversing
the speed command. Through this exhaustive testing, the performance characteristics and the efficacy of the
proposed drive were gauged, ensuring a thorough understanding of its capabilities and limitations in varied
operating conditions.

Performance of supervised learning
The training and validation processes of the machine learning algorithm were meticulously monitored and
evaluated. Table 3 elucidates the sample combinations for training data, delineating the pairing of torque reference

Simulation
660 W,, Voc=36 V, Iic=5 A
200 AH, 1,,,, =20 A, V=12V

Parameter

PV source

Battery source

Super capacitor 58K 18V
DC Bus nominal voltage 48V

Lgat 0.8 mH

Lga 1mH

L, 1 mH

Cpc 440 pF

Ky K; 0.0325,0.224
SRM power rating 5HP
Nominal speed 3000 rpm
Maximum current 20A

Inputs: e(N) (or I or AG)
Outputs: T* (or Ppy or Vpy*)
Error bound: 0.01

Supervised learning parameters

Activation Function: Sigmoid

Table 2. Simulation Parameters.
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Speed error (rpm) | Change in torque reference (N-m) | Irradiance (W/m?) | Normalized power generated (percentage)
22 -0.2 504 25.39472593
29 -0.28 465 23.13561481
98 -0.9 465 23.13561481
90 -0.82 487 24.40998519
—42 0.4 569 28.92241481
—-40 0.39 505 25.21515556
-38 0.37 474 23.41945185

Table 3. Sample Training Data for ANN.

with corresponding speed and PV power estimations. The subsequent analyses of training and validation
performance are captured through various figures. For instance, Fig. 8 offers insight into the tracking of target
values across iteration cycles, with each iteration cycle manifesting a distinct fitness level denoting the learning
capability of the artificial neural network (ANN) for the training pattern®%5. Moreover, Fig. 9 illustrates the
gradient of error, showcasing how it stabilizes after eight iterations. The validation checks are also graphically
represented in Fig. 9. Figure 10 presents an error histogram for a sample set of twenty data points, exhibiting
the frequency distribution of errors encountered during the validation process. Encouragingly, for 95 percent of
these data points, the mean square error was observed to be within a negligible range of 0.1 percent. To further
validate the efficacy of the algorithm, Fig. 11 offers an in-depth analysis of the mean squared error, with specific
empbhasis placed on the zeroing of mean squared error from the eighth iteration onwards. This meticulous analysis
of training and validation processes serves to affirm the reliability and robustness of the developed machine
learning algorithm in accurately estimating torque reference, speed, and PV power.

Performance of HPS

In Fig. 12, the voltage profiles of the DC bus, supercapacitor bus, and battery bank are depicted, demonstrating
their adept regulation to nominal values with precision, as demonstrated in Fig. 6. A comprehensive examination
of this regulation process and its associated voltage stress is provided in the subsequent subsection. Notably, the
ensuing discussion reveals an admirably stringent regulation standard, wherein a deviation of under 5 percent
is observed across the entire span of load variations within the nominal range.

In the simulated scenario, the voltage regulation is meticulously maintained to nominal values, ensuring
precise control over the distribution of power among the sources. As displayed in Fig. 13, the power shares reflect
the current allotments among the different components. Furthermore, the figure visually represents how the
PV-generated power, which is dependent on irradiance, is channeled to the DC bus. Meanwhile, the battery and
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Figure 13. Power delivered by sources and load power demand.

supercapacitor share the remaining power requirements, with the supercapacitor rapidly accommodating any
sudden load variations. This flexible arrangement ensures the efficient and seamless adaptation of the system to
changing conditions, optimizing the performance of the light electric vehicle under different driving scenarios.

Performance of SRM control

The performance of the drive in response to a 50 N-m torque increase was examined through simulation.
As shown in Fig. 14, the drive torque response exhibits precise tracking of the new torque demand, with a
transient time of just 0.01 s and zero steady-state error. This rapid adjustment is complemented by a minor dip
of 15 rpm in speed, as depicted in Fig. 15, which is quickly resolved within 0.4 s of the changeover. These results
underscore the drive’s ability to efficiently adapt to abrupt variations in torque demand, ensuring a smooth and
uninterrupted driving experience. The implementation of a multi-layered machine learning algorithm, including
pattern recognition for instantaneous torque setting and PV power estimation, contributes significantly to the
drive’s agility and accuracy in responding to dynamic torque demands.

Simulating the drive for an 80 N-m step change in speed demand provides further insights into its robust
performance. As illustrated in Fig. 16, the drive speed precisely tracks the new speed demand, exhibiting
zero steady-state error and a transient time of merely 0.08 s. Concurrently, a surge of 10 N-m in drive torque
is observed in Fig. 17 during the transition, swiftly settling within 0.01 s. The torque response under these
conditions highlights the drive’s effective management of sudden changes in speed demand, showcasing its
adaptability and reliability in varying driving scenarios. The implementation of the multi-layered machine
learning algorithm significantly contributes to this precise and agile response, underscoring its role in ensuring
smooth and consistent drive performance.

Simulating a scenario of a sudden speed reversal from + 80 rpm to — 80 rpm provides crucial insights into the
drive’s resilience and performance under extreme conditions. In this experiment, we examined how the drive
responds to such abrupt changes in speed demand, ensuring the safety and stability of the vehicle in unpredictable
situations. As depicted in Fig. 18, the drive’s speed tracking capabilities are commendable, showcasing an
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Figure 16. Speed response for a step change in reference speed.

error-free transition and a remarkably swift transient time of just 0.08 s. This rapid response underscores the
drive’s agility and adaptability, vital attributes for navigating dynamic and ever-changing environments. However,
the transition also exposes a brief dip in drive torque, as illustrated in Fig. 19. This temporary dip occurs due to
the absence of a load during the transient speed reversal, but it is rapidly corrected within a mere 0.01 s. This
quick recovery reflects the drive’s robustness and its ability to maintain consistent performance even during
the most challenging conditions. By simulating scenarios such as these, we can better understand the drive’s
capabilities and potential areas for improvement. Furthermore, it allows us to refine control strategies and drive
algorithms, ultimately enhancing the overall performance, safety, and efficiency of electric vehicles.
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Comparison to existing power supplies

To provide a comprehensive evaluation of the proposed hybrid power supply (HPS) system and its accompanying
control system, we conducted a rigorous comparison with existing power supplies commonly used in PV-assisted
electric vehicle (EV) drives. This comparison aimed to assess the robustness and accuracy of the proposed
HPS and control mechanism across various performance metrics, including DC bus regulation, stress on the
supercapacitor for transient requirements, and optimal sizing of power supply components. Table 4 serves as a
visual representation of the comparative analysis, highlighting the key attributes and performance characteristics
of the proposed HPS and control system. It illustrates how the proposed system fares against conventional power
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Proposed control for conventional Proposed control for cascaded
17 2l 2= converters converters
Power rating 480 W 40W 80 W 900 W 900 W
DC bus voltage 48V 48V 48V 48V 48V
DC bus regulation 12.5% 5.3% 4.25% 3.125% 2.7%
Super capacitor ratings 65FE 18V 65EF 18V 65F 18V 58E 18V 58E 18V
Voltage stress percentage 2.5% 2.4% 2.4% 2.2% 1.6%

Table 4. Comparison of Power Supplies for PV assisted EV Drive.

supplies in terms of addressing transient load demands, maintaining the stability of the DC bus voltage, and
ensuring the overall reliability and efficiency of the power delivery. Through this comprehensive comparison,
we aim to demonstrate the superiority of the proposed HPS and control mechanism in terms of robustness,
accuracy, and performance, setting a new standard for PV-assisted EV drives (Table 5).

Drive component sizing comparison
The merit of the proposed HPS topology in terms of steady-state ripple in battery interface inductor and series
switch voltage stress is evaluated in this section. The mathematical expression for inductor current ripple is
obtained as follows:

For a bi-directional converter with inductor at battery side for conventional topology, following the differential
equation as

Lpat = VBus(VBus - VBut) (35)
t— = . i~
¢ Airgatfs VBar

And for cascade converter topology, following the differential equation as in (14)
Vse(Vse = Vibar)

Lpot = ————— 36
o AirBatfs VBar (36)

Substituting for considered nominal values for Vs, Vs, and V., the following expressions for battery
inductor size are obtained for conventional topology as

Lpar = .144 (37)
AiLBatfs
And for cascaded converter topology it is
Lpar = . i (38)
Aippatfs

The percentage change in battery inductor size as per considered nominal values of voltages is obtained as
%ALpy = 93.75

Now, the voltage sizing of diodes and switches in SRM converter was obtained from the blocking voltage
level during turn OFF interval of the respective switch or diode. In these intervals, the blocking voltage across
the switch combination was obtained as V= V¢/2. The diode during turned OFF, should block the maximum
value of source voltage. Therefore, the voltage rating of any diode was V, =V¢/2. The RMS current rating of
power switches is determined from power to be delivered by the converter. Now, the RMS current rating of G,
or D, where X =2,3,4 is obtained as

P avg

Lmsx =
e 3 Vph,rms

(39)
and that of G, and D, is 31, x
The battery interface converter, a critical component in electric vehicles (EVs) using photovoltaic (PV) power,

was subjected to rigorous analysis in this study. A comparison was made between the conventional topology
and the proposed cascaded converter topology, focusing on the reduction of component sizes while maintaining

Conventional drive | Proposed drive
HPS stage 2 inductor size 8 mH 0.56 mH
HPS stage 2 series switch voltage stress | 1 pu 0.16 pu
SRM converter power switches 6 4

Table 5. Power Converters sizing comparison.
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or improving performance. The battery interface inductor, an essential element, was computed using Egs. (19)
and (20) for both topologies. It was found that the proposed cascaded converter topology led to a substantial
reduction in the inductor’s size. Additionally, the voltage stress on series switch S2 was evaluated under OFF
conditions. The results showed a significant decrease in voltage stress from 1 pu in the conventional topology to
only 0.16 pu in the cascaded converter topology. This reduction in voltage stress, along with the downsizing of
the battery interface components, is a testament to the effectiveness of the proposed topology. Furthermore, the
sizing of switches in the switched reluctance motor (SRM) converter was optimized, resulting in fewer switches
and improved efficiency without compromising performance. The results of this comparative analysis underscore
the potential of the proposed topology to enhance the performance and efficiency of battery interface converters
in EVs using PV power.

Comparison to existing drive output characteristics

The performance of the proposed hybrid power supply (HPS) with the proposed control scheme was compared
to existing power supplies typically used in photovoltaic (PV)-assisted electric vehicle (EV) drives. Additionally,
the proposed control strategy was also applied to a conventional power supply to assess its robustness and
effectiveness. Table 6 provides a detailed comparison of the proposed control scheme with the HPS in terms of
DC bus regulation, supercapacitor stress for transient requirements, and power supply component sizing. The
results demonstrate the robustness and accuracy of the proposed control strategy, particularly when used in
conjunction with the HPS. The analysis indicates that the proposed control scheme can effectively regulate the DC
bus voltage, manage transient requirements without placing excessive stress on the supercapacitor, and optimize
power supply component sizing. These findings underscore the potential of the proposed control scheme and
HPS in enhancing the performance and efficiency of PV-assisted EV drives.

Conclusion and future research directions

In conclusion, this paper has presented a comprehensive study on the development and performance evaluation of
anovel PV-assisted EV drive system with a focus on efficient and sustainable power management. We introduced
a unique topology and mathematical model for the proposed drive, which integrates hybrid energy storage
solutions and advanced control strategies, including machine learning. Our simulation results demonstrate the
effectiveness and real-time feasibility of the machine learning algorithm for torque reference generation, PV
power estimation, and MPP voltage identification, with a mean squared error within 0.1 percent for 95 percent
of samples after the eighth iteration. Additionally, we showcased the robustness and accuracy of our control
scheme through various performance indices such as DC bus regulation, power sharing among various sources,
and transient response, with stringent regulation of less than 5 percent observed for all possible variations in the
nominal range of the load. Our study also introduced a new approach to current control in a hybrid power system
that addresses load changes effectively and efficiently. This approach, based on model reference adaptive control,
offers improved performance over traditional methods. Additionally, our proposed control scheme for the SRM
drive provides precise torque control, reduced torque ripple, and fast transient response. Our simulation results
confirm that our proposed control strategy successfully handles changes in torque demand and speed commands,
ensuring accurate and rapid responses, with a torque ripple of 0.04 pu and a speed settling time of 0.5 s for a step
change in reference speed. We compared the performance of our proposed HPS with existing power supplies for
PV-assisted EV drives, showcasing superior DC bus regulation and reduced supercapacitor voltage stress, with
a DC bus regulation as low as 2.7 percent and a supercapacitor voltage stress as low as 1.6 percent. Moreover,
we presented a detailed analysis of the sizing of drive components, including the battery interface inductor and
series switch, demonstrating significant reductions in size and voltage stress with our proposed topology, with a
93.75 percent reduction in battery interface inductor size and a 0.16 pu series switch voltage stress.

Overall, this study makes several significant contributions to the field of PV-assisted EV drives. We introduce
a novel topology and mathematical model, propose efficient control strategies, and provide detailed simulations
and analyses of the performance of the proposed system. Our work demonstrates the feasibility and benefits
of integrating PV, battery, and supercapacitor energy storage systems in an EV drive, paving the way for more
sustainable and efficient electric mobility solutions. Furthermore, our findings contribute to the development
of advanced control and power management strategies for renewable energy-based transportation systems,
promoting the adoption of PV-assisted EV drives and supporting the transition towards a greener and more
sustainable future.

Future research directions for PV-assisted EV drives encompass several key areas. One such area is the
advancement of control strategies. Deep reinforcement learning and artificial intelligence have shown promise in
enabling real-time optimization of PV-assisted EV drives. Research in this domain can lead to more sophisticated
and adaptive control algorithms that optimize energy efficiency and overall performance. Another area of interest

8 2 3 ot Proposed drive

Torque ripple 0.06 pu | 0.06pu |0.05pu |0.05pu |0.04 pu
Torque settling 0.02's 0.02's 0.02s 0.015s | 0.01s
Speed settling 0.8s 0.8s 0.8s 0.6s 0.5s
Speed reversal 0.8s 0.8s 0.8s 0.6s 0.7s

Table 6. Comparison of Power Supplies for PV-assisted EV Drive.
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is the exploration of advanced multi-level converter designs. These converters have the potential to improve
power density and reduce component stress, thereby enhancing the overall efficiency and reliability of PV-assisted
EV drives. Innovative battery management techniques also offer promising avenues for future research. Energy
storage integration is critical for the effective operation of PV-assisted EV drives, and developing novel battery
management systems can improve the overall energy efficiency and lifespan of these systems. Continuous system
optimization and performance evaluation are also important areas for future research. By rigorously evaluating
the performance of PV-assisted EV drives under various operating conditions, researchers can identify areas for
improvement and fine-tune the design and control strategies to enhance the system’s reliability and efficiency.
Furthermore, researchers can extend the scope of their work to include other renewable energy sources for
hybrid energy systems. This can involve integrating technologies such as wind power or geothermal energy to
create more robust and resilient energy systems for EVs. Rigorous real-world testing and validation are crucial
for ensuring the reliability and safety of PV-assisted EV drives. Researchers should collaborate with industry
partners and government agencies to conduct extensive testing and validation under various operating conditions
to ensure that these systems meet the highest standards of safety and performance. Finally, accelerating the
commercialization and adoption of PV-assisted EV drives is essential for realizing their full potential. This can
be achieved through industry-government partnerships and incentives that encourage the widespread adoption
of these systems. By focusing on these key areas, researchers can help advance the state of the art in PV-assisted
EV drives and contribute to a more sustainable and resilient future in the realm of electric mobility.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author upon
reasonable request.

Received: 29 November 2023; Accepted: 29 February 2024
Published online: 07 March 2024

References

1. Liu, G. Data collection in MI-assisted wireless powered underground sensor networks: Directions, recent advances, and challenges.
IEEE Commun. Mag. 59, 132-138. https://doi.org/10.1109/MCOM.001.2000921 (2021).

2. Yang, C., Wu, Z,, Li, X. & Fars, A. Risk-constrained stochastic scheduling for energy hub: Integrating renewables, demand response,
and electric vehicles. Energy 288, 129680. https://doi.org/10.1016/j.energy.2023.129680 (2024).

3. Sun, G,, Sheng, L., Luo, L. & Yu, H. Game theoretic approach for multipriority data transmission in 5G vehicular networks. IEEE
Trans. Intell. Transp. Syst. 23, 24672-24685. https://doi.org/10.1109/TITS.2022.3198046 (2022).

4. Liu, Y, Liu, X,, Li, X., Yuan, H. & Xue, Y. Model predictive control-based dual-mode operation of an energy-stored quasi-Z-source
photovoltaic power system. IEEE Trans. Ind. Electron 70, 9169-9180. https://doi.org/10.1109/TIE.2022.3215451 (2023).

5. Li, S., Zhao, X, Liang, W., Hossain, M. T. & Zhang, Z. A fast and accurate calculation method of line breaking power flow based
on taylor expansion. Front. Energy Res. 10, 44. https://doi.org/10.3389/fenrg.2022.943946 (2022).

6. Pan, L. et al. Reassessing self-healing in metallized film capacitors: A focus on safety and damage analysis. IEEE Trans. Dielectr.
Electr. Insul. https://doi.org/10.1109/TDEI.2024.3357441 (2024).

7. Lin, X., Wen, Y., Yu, R,, Yu, . & Wen, H. Improved weak grids synchronization unit for passivity enhancement of grid-connected
inverter. IEEE J. Emerg. Sel. Top. Power Electron. 10, 7084-7097. https://doi.org/10.1109/JESTPE.2022.3168655 (2022).

8. Song, J., Mingotti, A., Zhang, J., Peretto, L. & Wen, H. Accurate damping factor and frequency estimation for damped real-valued
sinusoidal signals. IEEE Trans. Instrum. Meas. 71, 1-4. https://doi.org/10.1109/TIM.2022.3220300 (2022).

9. Zhang, X., Wang, Y., Yuan, X., Shen, Y. & Lu, Z. Adaptive dynamic surface control with disturbance observers for battery/
supercapacitor-based hybrid energy sources in electric vehicles. IEEE Trans. Transp. Electrif 9, 5165-5181. https://doi.org/10.
1109/TTE.2022.3194034 (2023).

10. Zhang, X., Wang, Z. & Lu, Z. Multi-objective load dispatch for microgrid with electric vehicles using modified gravitational search
and particle swarm optimization algorithm. Appl. Energy 306, 118018. https://doi.org/10.1016/j.apenergy.2021.118018 (2022).

11. Zhang, X, Lu, Z., Yuan, X., Wang, Y. & Shen, X. L2-gain adaptive robust control for hybrid energy storage system in electric vehicles.
IEEE Trans. Power Electron. 36, 7319-7332. https://doi.org/10.1109/TPEL.2020.3041653 (2021).

12. Shao, B. et al. Power coupling analysis and improved decoupling control for the VSC connected to a weak AC grid. Int. J. Electr.
Power Energy Syst. 145, 108645. https://doi.org/10.1016/j.ijepes.2022.108645 (2023).

13. Wang, H.,, Sun, W,, Jiang, D. & Qu, R. A MTPA and flux-weakening curve identification method based on physics-informed
network without calibration. IEEE Trans. Power Electron. 38, 12370-12375. https://doi.org/10.1109/TPEL.2023.3295913 (2023).

14. Shen, Y., Xie, J., He, T, Yao, L. & Xiao, Y. CEEMD-fuzzy control energy management of hybrid energy storage systems in electric
vehicles. IEEE Trans. Energy Convers https://doi.org/10.1109/TEC.2023.3306804 (2024).

15. Jiang, Z. & Xu, C. Policy incentives, government subsidies, and technological innovation in new energy vehicle enterprises: Evidence
from China. Energy Policy 177, 113527. https://doi.org/10.1016/j.enpol.2023.113527 (2023).

16. Fatima, K., Faiz Minai, A., Malik, H. & Garcia Marquez, F. P. Experimental analysis of dust composition impact on photovoltaic
panel performance: A case study. Sol. Energy 267, 112206. https://doi.org/10.1016/j.solener.2023.112206 (2024).

17. Gurjar, G., Yadav, D. K., Agrawal, S. (2020) Illustration and control of non-isolated multi-input DC-DC bidirectional converter for
electric vehicles using fuzzy logic controller. 2020 IEEE Int. Conf. Innov. Technol. IEEE, 41: 1-5. https://doi.org/10.1109/INOCO
N50539.2020.9298307.

18. Pandey, N. K., Pachauri, R. K., Choudhary, S. & Minai, A. F. Power quality improvement using rabbit optimization FOPID
controlled photovoltaic- battery powered hybrid power filter. Renew. Energy Focus 47, 100508. https://doi.org/10.1016/j.ref.2023.
100508 (2023).

19. Shirkhani, M. et al. A review on microgrid decentralized energy/voltage control structures and methods. Energy Rep. 10, 368-380.
https://doi.org/10.1016/j.egyr.2023.06.022 (2023).

20. Wang, Y., Xia, F,, Wang, Y. & Xiao, X. Harmonic transfer function based single-input single-output impedance modeling of
LCCHVDC systems. J. Mod. Power Syst. Clean Energy https://doi.org/10.35833/MPCE.2023.000093 (2023).

21. Manandhar, U. et al. Validation of faster joint control strategy for battery- and supercapacitor-based energy storage system. IEEE
Trans. Ind. Electron. 65, 3286-3295. https://doi.org/10.1109/TIE.2017.2750622 (2018).

22. Wang, Y. et al. A comprehensive investigation on the selection of high-pass harmonic filters. IEEE Trans. Power Deliv. 37, 4212—
4226. https://doi.org/10.1109/TPWRD.2022.3147835 (2022).

23. Fei, M., Zhang, Z., Zhao, W., Zhang, P. & Xing, Z. Optimal power distribution control in modular power architecture using
hydraulic free piston engines. Appl. Energy 358, 122540. https://doi.org/10.1016/j.apenergy.2023.122540 (2024).

Scientific Reports |

(2024) 14:5661 | https://doi.org/10.1038/s41598-024-55988-5 nature portfolio


https://doi.org/10.1109/MCOM.001.2000921
https://doi.org/10.1016/j.energy.2023.129680
https://doi.org/10.1109/TITS.2022.3198046
https://doi.org/10.1109/TIE.2022.3215451
https://doi.org/10.3389/fenrg.2022.943946
https://doi.org/10.1109/TDEI.2024.3357441
https://doi.org/10.1109/JESTPE.2022.3168655
https://doi.org/10.1109/TIM.2022.3220300
https://doi.org/10.1109/TTE.2022.3194034
https://doi.org/10.1109/TTE.2022.3194034
https://doi.org/10.1016/j.apenergy.2021.118018
https://doi.org/10.1109/TPEL.2020.3041653
https://doi.org/10.1016/j.ijepes.2022.108645
https://doi.org/10.1109/TPEL.2023.3295913
https://doi.org/10.1109/TEC.2023.3306804
https://doi.org/10.1016/j.enpol.2023.113527
https://doi.org/10.1016/j.solener.2023.112206
https://doi.org/10.1109/INOCON50539.2020.9298307
https://doi.org/10.1109/INOCON50539.2020.9298307
https://doi.org/10.1016/j.ref.2023.100508
https://doi.org/10.1016/j.ref.2023.100508
https://doi.org/10.1016/j.egyr.2023.06.022
https://doi.org/10.35833/MPCE.2023.000093
https://doi.org/10.1109/TIE.2017.2750622
https://doi.org/10.1109/TPWRD.2022.3147835
https://doi.org/10.1016/j.apenergy.2023.122540

www.nature.com/scientificreports/

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Husain, M. A. et al. Performance analysis of the global maximum power point tracking based on spider monkey optimization for
PV system. Renew. Energy Focus 47, 100503. https://doi.org/10.1016/j.ref.2023.100503 (2023).

Wang, B. et al. Bidirectional three-level cascaded converter with deadbeat control for HESS in solar-assisted electric vehicles. IEEE
Trans. Transp. Electrif. 5, 1190-1201. https://doi.org/10.1109/TTE.2019.2939927 (2019).

Kumar Pachauri, R. et al. Study on Meta-heuristics techniques for shade dispersion to enhance GMPP of PV array systems under
PSCs. Sustain. Energy Technol. Assess. 58, 103353. https://doi.org/10.1016/j.seta.2023.103353 (2023).

Mohammad, A. et al. Integration of electric vehicles and energy storage system in home energy management system with home
to grid capability. Energies 14, 8557. https://doi.org/10.3390/en14248557 (2021).

Okundamiya, M. S. Size optimization of a hybrid photovoltaic/fuel cell grid connected power system including hydrogen storage.
Int. ]. Hydrogen Energy 46, 30539-30546. https://doi.org/10.1016/j.ijhydene.2020.11.185 (2021).

Kumar, G. G. & Sundaramoorthy, K. Dual-input nonisolated DC-DC converter with vehicle-to-grid feature. IEEE J. Emerg. Sel.
Top. Power Electron. 10, 3324-3336. https://doi.org/10.1109/JESTPE.2020.3042967 (2022).

Suresh, K. & Parimalasundar, E. Design and implementation of universal converter conception et implémentation d’'un
convertisseur universel. IEEE Can. J. Electr. Comput. Eng. 45, 272-278. https://doi.org/10.1109/ICJECE.2022.3166240 (2022).
Sun, Q,, Xie, H., Liu, X., Niu, F & Gan, C. Multiport PV-assisted electric-drive-reconstructed bidirectional charger with G2V and
V2G/V2L functions for SRM drive-based EV application. IEEE J. Emerg. Sel. Top. Power Electron. 11, 3398-3408. https://doi.org/
10.1109/JESTPE.2023.3240434 (2023).

Mali, V. & Tripathi, B. Thermal stability of supercapacitor for hybrid energy storage system in lightweight electric vehicles:
Simulation and experiments. J. Mod. Power Syst. Clean Energy 10, 170-178. https://doi.org/10.35833/MPCE.2020.000311 (2022).
Reddy, R. M., Das, M. & Chauhan, N. Novel battery-supercapacitor hybrid energy storage system for wide ambient temperature
electric vehicles operation. IEEE Trans. Circuits Syst. II Express Briefs 70, 2580-2584. https://doi.org/10.1109/TCSII.2023.32378
60 (2023).

Shah, V. & Payami, S. Integrated converter with G2V, V2G, and DC/V2V charging capabilities for switched reluctance motor
drive-train based EV application. IEEE Trans. Ind. Appl. 59, 3837-3850. https://doi.org/10.1109/TIA.2023.3242636 (2023).
Saha, B., Singh, B. & Sen, A. Solar PV integration to E-rickshaw with regenerative braking and sensorless control. IEEE Trans. Ind.
Appl. 58, 7680-7691. https://doi.org/10.1109/TT1A.2022.3201063 (2022).

Li, P, Huy, J,, Qiu, L., Zhao, Y. & Ghosh, B. K. A distributed economic dispatch strategy for power-water networks. IEEE Trans.
Control Netw. Syst. 9, 356-366. https://doi.org/10.1109/TCNS.2021.3104103 (2022).

Duan, Y., Zhao, Y. & Hu, J. An initialization-free distributed algorithm for dynamic economic dispatch problems in microgrid:
Modeling, optimization and analysis. Sustain. Energy, Grids Netw. 34, 101004. https://doi.org/10.1016/j.segan.2023.101004 (2023).
Li, X. et al. Energy management of hybrid electric vehicles: A review of energy optimization of fuel cell hybrid power system based
on genetic algorithm. Energy Convers. Manag. 205, 112474. https://doi.org/10.1016/j.enconman.2020.112474 (2020).

Sharma, S. et al. A comprehensive review on STATCOM: Paradigm of modeling, control, stability, optimal location, integration,
application, and installation. IEEE Access 12, 2701-2729. https://doi.org/10.1109/ACCESS.2023.3345216 (2024).

Khan, H. A, Zuhaib, M. & Rihan, M. A review on voltage and frequency contingencies mitigation technologies in a grid with
renewable energy integration. J. Inst. Eng. Ser. B 103, 2195-2205. https://doi.org/10.1007/s40031-022-00819-2 (2022).

Zhou, K., Cheng, L., Wen, L., Lu, X. & Ding, T. A coordinated charging scheduling method for electric vehicles considering different
charging demands. Energy 213, 118882. https://doi.org/10.1016/j.energy.2020.118882 (2020).

Wang, T. et al. Hierarchical power allocation method based on online extremum seeking algorithm for dual-PEMFC/battery hybrid
locomotive. IEEE Trans. Veh. Technol. 70, 5679-5692. https://doi.org/10.1109/TVT.2021.3078752 (2021).

Mohammad, A., Zuhaib, M. & Ashraf, I. An optimal home energy management system with integration of renewable energy and
energy storage with home to grid capability. Int. J. Energy Res. 46, 8352-8366. https://doi.org/10.1002/er.7735 (2022).

Liu, Z., Wu, Y. & Feng, J. Competition between battery switching and charging in electric vehicle: Considering anticipated regret.
Environ. Dev. Sustain. https://doi.org/10.1007/s10668-023-03592-4 (2023).

Yang, Y., Yeh, H.-G. & Nguyen, R. A robust model predictive control-based scheduling approach for electric vehicle charging with
photovoltaic systems. IEEE Syst. J. 17, 111-121. https://doi.org/10.1109/JSYST.2022.3183626 (2023).

Mishra, S., Varshney, A., Singh, B. & Parveen, H. Driving-cycle-based modeling and control of solar-battery-fed reluctance
synchronous motor drive for light electric vehicle with energy regeneration. IEEE Trans. Ind. Appl. 58, 6666—6675. https://doi.
org/10.1109/T1A.2022.3181224 (2022).

Park, D. & Zadeh, M. Modeling and predictive control of shipboard hybrid DC power systems. IEEE Trans. Transp. Electrif. 7,
892-904. https://doi.org/10.1109/TTE.2020.3027184 (2021).

Fu, Z. et al. Energy management strategy for fuel cell/battery/ultracapacitor hybrid electric vehicles using deep reinforcement
learning with action trimming. IEEE Trans. Veh. Technol. 71, 7171-7185. https://doi.org/10.1109/TVT.2022.3168870 (2022).
Tang, D. & Wang, H. Energy management strategies for hybrid power systems considering dynamic characteristics of power
sources. IEEE Access 9, 158796-158807. https://doi.org/10.1109/ACCESS.2021.3131168 (2021).

Balasundar, C., Sundarabalan, C. K., Srinath, N. S., Sharma, J. & Guerrero, J. M. Interval type2 fuzzy logic-based power sharing
strategy for hybrid energy storage system in solar powered charging station. IEEE Trans. Veh. Technol. 70, 12450-12461. https://
doi.org/10.1109/TVT.2021.3122251 (2021).

Zahedmanesh, A., Muttaqi, K. M. & Sutanto, D. A cooperative energy management in a virtual energy hub of an electric
transportation system powered by PV generation and energy storage. IEEE Trans. Transp. Electrif. 7, 1123-1133. https://doi.org/
10.1109/TTE.2021.3055218 (2021).

Jing, B., Dang, X., Liu, Z. & Long, S. Torque ripple suppression of switched reluctance motor based on fuzzy indirect instant torque
control. IEEE Access 10, 75472-75481. https://doi.org/10.1109/ACCESS.2022.3190082 (2022).

Xiao, Y., Shi, L., Liu, P,, Han, F. & Liu, W. Design of an embedded rapier loom controller and a control strategy based on SRM.
IEEE Access 10, 21914-21928. https://doi.org/10.1109/ACCESS.2022.3153066 (2022).

Sun, Q., Chen, L., Liu, X,, Niu, F. & Gan, C. Quasi-Z-source-fed SRM drive for torque ripple minimization and speed range
extension with three-switch conduction. IEEE Trans. Ind. Electron. 70, 11923-11933. https://doi.org/10.1109/TIE.2022.3232653
(2023).

Liu, ., Wang, G., Liu, D. & Fan, Y. An improved deadbeat control scheme for unipolar sinusoidal current excited switched reluctance
motor drives. IEEE J. Emerg. Sel. Top. Power Electron. 11, 1589-1603. https://doi.org/10.1109/JESTPE.2022.3222651 (2023).
Sufyan, M. A. A, Zuhaib, M., Anees, M. A,, Khair, A. & Rihan, M. Implementation of PMU-based distributed wide area monitoring
in smart grid. IEEE Access 9, 140768-140778. https://doi.org/10.1109/ACCESS.2021.3119583 (2021).

Zuhaib, M. & Rihan, M. Identification of low-frequency oscillation modes using PMU based data-driven dynamic mode
decomposition algorithm. IEEE Access 9, 49434-49447. https://doi.org/10.1109/ACCESS.2021.3068227 (2021).

Khan, A. A. & Minai, A. E. A strategic review: The role of commercially available tools for planning, modelling, optimization, and
performance measurement of photovoltaic systems. Energy Harvest. Syst. https://doi.org/10.1515/ehs-2022-0157 (2023).
Pachauri, R. K. et al. Game theory based strategy to reconfigure PV module arrangements for achieving higher GMPP under PSCs:
Experimental feasibility. Energy Rep. 8, 10088-10112. https://doi.org/10.1016/j.egyr.2022.08.006 (2022).

Ravindran, M. A. et al. A novel technological review on fast charging infrastructure for electrical vehicles: Challenges, solutions,
and future research directions. Alexandria Eng. J. 82, 260-290. https://doi.org/10.1016/j.aej.2023.10.009 (2023).

Scientific Reports |

(2024) 14:5661 | https://doi.org/10.1038/s41598-024-55988-5 nature portfolio


https://doi.org/10.1016/j.ref.2023.100503
https://doi.org/10.1109/TTE.2019.2939927
https://doi.org/10.1016/j.seta.2023.103353
https://doi.org/10.3390/en14248557
https://doi.org/10.1016/j.ijhydene.2020.11.185
https://doi.org/10.1109/JESTPE.2020.3042967
https://doi.org/10.1109/ICJECE.2022.3166240
https://doi.org/10.1109/JESTPE.2023.3240434
https://doi.org/10.1109/JESTPE.2023.3240434
https://doi.org/10.35833/MPCE.2020.000311
https://doi.org/10.1109/TCSII.2023.3237860
https://doi.org/10.1109/TCSII.2023.3237860
https://doi.org/10.1109/TIA.2023.3242636
https://doi.org/10.1109/TIA.2022.3201063
https://doi.org/10.1109/TCNS.2021.3104103
https://doi.org/10.1016/j.segan.2023.101004
https://doi.org/10.1016/j.enconman.2020.112474
https://doi.org/10.1109/ACCESS.2023.3345216
https://doi.org/10.1007/s40031-022-00819-2
https://doi.org/10.1016/j.energy.2020.118882
https://doi.org/10.1109/TVT.2021.3078752
https://doi.org/10.1002/er.7735
https://doi.org/10.1007/s10668-023-03592-4
https://doi.org/10.1109/JSYST.2022.3183626
https://doi.org/10.1109/TIA.2022.3181224
https://doi.org/10.1109/TIA.2022.3181224
https://doi.org/10.1109/TTE.2020.3027184
https://doi.org/10.1109/TVT.2022.3168870
https://doi.org/10.1109/ACCESS.2021.3131168
https://doi.org/10.1109/TVT.2021.3122251
https://doi.org/10.1109/TVT.2021.3122251
https://doi.org/10.1109/TTE.2021.3055218
https://doi.org/10.1109/TTE.2021.3055218
https://doi.org/10.1109/ACCESS.2022.3190082
https://doi.org/10.1109/ACCESS.2022.3153066
https://doi.org/10.1109/TIE.2022.3232653
https://doi.org/10.1109/JESTPE.2022.3222651
https://doi.org/10.1109/ACCESS.2021.3119583
https://doi.org/10.1109/ACCESS.2021.3068227
https://doi.org/10.1515/ehs-2022-0157
https://doi.org/10.1016/j.egyr.2022.08.006
https://doi.org/10.1016/j.aej.2023.10.009

www.nature.com/scientificreports/

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

Kumar, B. A. et al. A novel framework for enhancing the power quality of electrical vehicle battery charging based on a modified
ferdowsi converter. Energy Rep. 10, 2394-2416. https://doi.org/10.1016/j.egyr.2023.09.070 (2023).

Hamed, S. B. et al. A robust MPPT approach based on first-order sliding mode for triple-junction photovoltaic power system
supplying electric vehicle. Energy Rep. 9, 4275-4297. https://doi.org/10.1016/j.egyr.2023.02.086 (2023).

Lu, Y., Tan, C., Ge, W,, Zhao, Y. & Wang, G. Adaptive disturbance observer-based improved super-twisting sliding mode control
for electromagnetic direct-drive pump. Smart Mater. Struct. 32, 017001. https://doi.org/10.1088/1361-665X/aca84e (2023).

Liu, K. et al. An energy optimal schedule method for distribution network considering the access of distributed generation and
energy storage. IET Gener. Transm. Distrib. 17, 2996-3015. https://doi.org/10.1049/gtd2.12855 (2023).

Mfetoum, I. M. et al. A multilayer perceptron neural network approach for optimizing solar irradiance forecasting in Central
Africa with meteorological insights. Sci. Rep. 14, 3572. https://doi.org/10.1038/s41598-024-54181-y (2024).

Priyadarshini, M. S., Bajaj, M., Prokop, L. & Berhanu, M. Perception of power quality disturbances using Fourier, Short-Time
Fourier, continuous and discrete wavelet transforms. Sci. Rep. 14, 3443. https://doi.org/10.1038/s41598-024-53792-9 (2024).
Naoussi, S. R. D. et al. Enhancing MPPT performance for partially shaded photovoltaic arrays through backstepping control with
genetic algorithm-optimized gains. Sci. Rep. 14, 3334. https://doi.org/10.1038/s41598-024-53721-w (2024).

Panchanathan, S. et al. A comprehensive review of the bidirectional converter topologies for the vehicle-to-grid system. Energies
16, 2503. https://doi.org/10.3390/en16052503 (2023).

Kumar, B. A. et al. A novel strategy towards efficient and reliable electric vehicle charging for the realisation of a true sustainable
transportation landscape. Sci. Rep. 14, 3261. https://doi.org/10.1038/s41598-024-53214-w (2024).

Nagarajan, K. et al. Optimizing dynamic economic dispatch through an enhanced Cheetah-inspired algorithm for integrated
renewable energy and demand-side management. Sci. Rep. 14, 3091. https://doi.org/10.1038/s41598-024-53688-8 (2024).
Shanmugam, Y. et al. Solar-powered five-leg inverter-driven quasi-dynamic charging for a slow-moving vehicle. Front. Energy Res.
https://doi.org/10.3389/fenrg.2023.1115262 (2023).

Venkatesan, M. et al. A review of compensation topologies and control techniques of bidirectional wireless power transfer systems
for electric vehicle applications. Energies 15, 7816. https://doi.org/10.3390/en15207816 (2022).

Mohanty, S. et al. Demand side management of electric vehicles in smart grids: A survey on strategies, challenges, modeling, and
optimization. Energy Rep. 8, 12466-12490. https://doi.org/10.1016/j.egyr.2022.09.023 (2022).

Zhang, L. et al. Research on the orderly charging and discharging mechanism of electric vehicles considering travel characteristics
and carbon quota. IEEE Trans. Transp. Electrif. https://doi.org/10.1109/TTE.2023.3296964 (2024).

Zhang, L., Sun, C., Cai, G. & Koh, L. H. Charging and discharging optimization strategy for electric vehicles considering elasticity
demand response. ETransportation 18, 100262. https://doi.org/10.1016/j.etran.2023.100262 (2023).

Cao, B. et al. Hybrid microgrid many-objective sizing optimization with fuzzy decision. IEEE Trans. Fuzzy Syst. 28, 2702-2710.
https://doi.org/10.1109/TFUZZ.2020.3026140 (2020).

Xiao, S. et al. The impact analysis of operational overvoltage on traction transformers for high-speed trains based on the improved
capacitor network methodology. IEEE Trans. Transp. Electrif. https://doi.org/10.1109/TTE.2023.3283668 (2024).

Oubelaid, A. et al. Multi source electric vehicles: Smooth transition algorithm for transient ripple minimization. Sensors 22, 6772.
https://doi.org/10.3390/s22186772 (2022).

Dharavat, N. et al. Optimal allocation of renewable distributed generators and electric vehicles in a distribution system using the
political optimization algorithm. Energies 15, 6698. https://doi.org/10.3390/en15186698 (2022).

Oubelaid, A. et al. Secure power management strategy for direct torque controlled fuel cell/ supercapacitor electric vehicles. Front.
Energy Res. https://doi.org/10.3389/fenrg.2022.971357 (2022).

Kakouche, K. et al. Model predictive direct torque control and fuzzy logic energy management for multi power source electric
vehicles. Sensors 22, 5669. https://doi.org/10.3390/s22155669 (2022).

Hamed, S. B. et al. Robust optimization and power management of a triple junction photovoltaic electric vehicle with battery
storage. Sensors 22, 6123. https://doi.org/10.3390/s22166123 (2022).

Karthikeyan, B. et al. A dual input single output non-isolated DC-DC converter for multiple sources electric vehicle applications.
Front. Energy Res. https://doi.org/10.3389/fenrg.2022.979539 (2022).

Wang, H. et al. A Junction Temperature monitoring method for IGBT modules based on turn-off voltage with convolutional neural
networks. IEEE Trans. Power Electron. 38, 10313-10328. https://doi.org/10.1109/TPEL.2023.3278675 (2023).

Wang, Z., Li, ], Hu, C,, Li, X. & Zhu, Y. Hybrid energy storage system and management strategy for motor drive with high torque
overload. J. Energy Storage 75, 109432. https://doi.org/10.1016/j.est.2023.109432 (2024).

Acknowledgements

This article has been produced with the financial support of the European Union under the REFRESH - Research
Excellence For Region Sustainability and High-tech Industries project number CZ.10.03.01/00/22_003/0000048
via the Operational Programme Just Transition and paper was supported by the following project TN02000025
National Centre for Energy II.

Author contributions

R.P,, A.P.: Conceptualization, Methodology, Software, Visualization, Investigation, Writing- Original draft
preparation. A.R.S.: Data curation, Validation, Supervision, Resources, Writing—Review & Editing. M.B., M.B.
& V.B.: Project administration, Supervision, Resources, Writing—Review & Editing.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to M.B. or M.T.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2024) 14:5661 | https://doi.org/10.1038/s41598-024-55988-5 nature portfolio


https://doi.org/10.1016/j.egyr.2023.09.070
https://doi.org/10.1016/j.egyr.2023.02.086
https://doi.org/10.1088/1361-665X/aca84e
https://doi.org/10.1049/gtd2.12855
https://doi.org/10.1038/s41598-024-54181-y
https://doi.org/10.1038/s41598-024-53792-9
https://doi.org/10.1038/s41598-024-53721-w
https://doi.org/10.3390/en16052503
https://doi.org/10.1038/s41598-024-53214-w
https://doi.org/10.1038/s41598-024-53688-8
https://doi.org/10.3389/fenrg.2023.1115262
https://doi.org/10.3390/en15207816
https://doi.org/10.1016/j.egyr.2022.09.023
https://doi.org/10.1109/TTE.2023.3296964
https://doi.org/10.1016/j.etran.2023.100262
https://doi.org/10.1109/TFUZZ.2020.3026140
https://doi.org/10.1109/TTE.2023.3283668
https://doi.org/10.3390/s22186772
https://doi.org/10.3390/en15186698
https://doi.org/10.3389/fenrg.2022.971357
https://doi.org/10.3390/s22155669
https://doi.org/10.3390/s22166123
https://doi.org/10.3389/fenrg.2022.979539
https://doi.org/10.1109/TPEL.2023.3278675
https://doi.org/10.1016/j.est.2023.109432
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |  (2024) 14:5661 | https://doi.org/10.1038/s41598-024-55988-5 nature portfolio


http://creativecommons.org/licenses/by/4.0/

	Sustainable power management in light electric vehicles with hybrid energy storage and machine learning control
	System modelling
	Mathematical model of the system
	Hybrid power supply dynamics
	SRM Converter dynamics
	Dynamics of SRM:


	Controller modelling
	Machine learning for torque and PV power estimation, MPP tracking
	Model based SRM Speed estimation
	Model based current control of HPS
	Coordinated control of drive

	Simulation results and performance evaluation
	Performance of supervised learning
	Performance of HPS
	Performance of SRM control
	Comparison to existing power supplies
	Drive component sizing comparison
	Comparison to existing drive output characteristics

	Conclusion and future research directions
	References
	Acknowledgements


