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Abstract — Electric bicycles are becoming increasingly
popular as green mobility solutions. However,
problems of low mileage, a poor power factor, and
unstable charging voltage still persist. This study
proposes a novel power management system with a
Super-Lift Converter (SLC), Field Programmable Gate
Array (FPGA)-regulated active front-end circuitry,
and a flexible solar panel to address the issues. The
system’s design uses a 350 W BLDC hub motor and a
36 V 10.4 Ah lithium-ion battery. A SLC is inserted
between the charger and battery to achieve a high
voltage transfer gain and voltage ripple of less than 1%.
The incorporated FPGA runs an Adaptive
Reinforcement-based Current Tracking (ARCT)
algorithm to provide power factor correction by
generating a synchronized reference inductor current
with the input voltage waveform. A 60 W, 36 V flexible
solar panel is attached to a secondary input of the SLC
to provide solar-assisted charging and extend the
vehicle range from 45 km to 50 km per charge. During
charging of the 36-42 V lithium-ion battery, the system
is powered from a 230V AC grid, stepped down to
100 V AC using a transformer, along with the PV input.
Experimental results attest to a dramatic reduction in
total harmonic distortion and enhanced current
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tracking performance. The proposed system provides a
sustainable and compact solution for electric bicycles
and similar energy-efficient mobility platforms.

Index Terms — Active front end, battery, electric
bicycle, power factor correction, total harmonic
distortion.

|. INTRODUCTION

Electric bicycles (e-bicycles) are a future substitute for
conventional vehicles and a cost-effective, green, and
energy-efficient form of urban transportation. With the
world focusing on sustainable transport, e-bicycles are
gaining momentum in urban areas, particularly in short-
distance trips. Range limitations due to inefficient charging
and energy management systems are still a hindrance to
their widespread adoption. Low battery life and low power
quality during charging are serious issues [1]. Smart
control techniques could improve autonomy and user
experience, according to the evidence provided by an
adaptive electric bicycle study [2].

The primary challenge is battery efficiency. Lithium-ion
batteries typically used in e-bicycles are current- and
voltage-ripple-sensitive during charging, and such ripples
can accelerate degradation and decrease the cycle life.
Conventional boost converters, although simple and
inexpensive, tend to lack the high gain and low ripple in a
single step. Inductive power transfer and wireless charging
system solutions enabled new e-bicycle configurations [3];
however, these systems tend to add complexity and cost.
Hybrid parallel topologies and optimized coil topologies
for a stable current output in inductive charging systems
were also investigated [4].

The performance of the charging system is directly
related to energy usage and ride quality. For example, a
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control-based hybrid bicycle test experiment verified the
necessity of finding the optimal tradeoff between fuel
economy and capacity loss [5].

More advanced power management strategies can
optimize energy utilization. A reinforcement learning-
based assisted power management system was proposed to
enable real-time power sharing adaptation between motor
and human inputs in e-bicycles [6]. These intelligent
strategies are crucial for meeting the performance needs of
users while respecting size, cost, and energy storage
limitations. A double-wheel drive strategy to improve user
experience in electrically assisted bicycles also showed the
need for combined control [7].

Thus, an efficient and scalable charging infrastructure is
critical for mass adoption. Extremely large inductive
charging stations using hybrid topology switching and
single inverters were studied to support a growing number
of e-bicycles [8]. Hybrid topologies with configurable
voltage and current outputs were reported to increase
charging flexibility [9, 10]. Even cost-effective wireless
charging systems were implemented to provide feasible
solutions to customers [11]. These developments
notwithstanding, challenges still exist as concerns the high
power factor (PF), low total harmonic distortion (THD),
and low ripple, particularly in compact systems.

FPGA-based control solutions are becoming
increasingly prevalent in power electronics owing to their
capability for real-time operation and reconfigurability.
High-precision timing, real-time digital control for active
power filters, and high-frequency GaN-based DC-DC
converters were all improved through FPGA
implementations [12—-14]. Online inductance identification
based on FPGA-based systems also underscored the
platform's potential for power converter control in electric
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Power supply from
230V 50Hz AC grid to
100V 50Hz via step-
down transformer

vehicle (EV) systems [15].

Super-lift converter (SLC) topologies [16] proved useful
for the high-voltage gain in low-ripple applications. In EV
applications, advanced designs with buck converters or
positive output lift stages can deliver higher voltage
conversion efficiency and output quality [17, 18]. For
example, a combination of Luo and Cuk topologies
simplified the circuit, enhanced the gain, and enabled low-
ripple operations [19]. Control strategies, such as the
sliding mode and adaptive estimation, offer robust
performance even in converter environments with
uncertainties [20].

Adaptive control methods are crucial for systems that
encounter model uncertainties, disturbances, or dynamic
changes. Adaptively tuned current-mode control
techniques and window-based mode selectors with
adaptation improved the converter’s response [21].
Adaptive perturbation rejection techniques and output
feedback control also improved robust tracking and system
stability [22]. These techniques became even more crucial
in EV systems, where source and load conditions can
change rapidly.

In recent years, there has also been increasing interest in
reinforcement-learning (RL) driven controllers for power
converters and EVs. RL-based controllers in power
electronic applications were introduced with steady-state
error compensation schemes [23], whereas deep RL were
implemented for dynamic active and reactive power
control of grid-connected EVs [24]. Predictive RL methods
[25] and meta-RL current control schemes for motor drives
[26] indicated the feasibility of RL under various converter
conditions. Real-world applications include RL-driven
buck converter control under time-delay conditions [27],
smart MPPT controllers for renewables [28], and

Solar panel

BLDC motor

ARCT control
using FPGA

Fig. 1. Overall architecture of the proposed system.
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stabilization of boost converters under CP loads through
deep RL [29]. Most recently, safety-augmented and self-
learning RL schemes were introduced for converter
applications [30] and adaptive RL-driven PID controllers
were used for multi-area power grids [31]. This
demonstrates RL's capability for adaptability and
application-performance optimization in power grids.
Although these applications for the most part remain
constrained by computational overhead, the lack of real-
time FPGA-based implementation and limited
optimization targets such as MPPT or converter
stabilization give way to research evolution. Thus far no
RL framework has been specifically adapted for e-bicycle
platforms, which require compact implementation of
hardware, converter gain, ripple, and simultaneous PF and
THD compliance. Given this background, there is a
pressing need for an FPGA-implemented adaptive RL
approach capable of PF, THD, and ripple tradeoff under
virtual AC-PV input and hybrid mode operations.

In addition, power quality problems [32] in battery
charging from AC sources, such as PF degradation and
high THD were reported. Various unidirectional non-
isolated PFC converters offered exceptional size
advantages, efficiency, and reduction in harmonic trade-
offs [33]. It was suggested that high-current-density EV
chargers employ modified Pl controllers to enhance
dynamic response [34, 35]. Second-harmonic current
reduction methods were applied in two-stage PFC systems

to eliminate distortions [36].

To address these challenges, the present study
introduces a Super-Lift Converter (SLC) controlled by an
FPGA-based Adaptive Reinforcement-Based Current
Tracking (ARCT) algorithm. The major contributions of
this work are summarized as follows:

o A first-of-its-kind FPGA-implemented ARCT for

an on-board e-bicycle charger integrating grid and
PV power.

e The experimentally proven near-unity power factor
(0.99) and very low input current THD (2.23%).

e Stabilization of PV output voltage under varying
irradiance  using  combined = MPPT-ARCT
interaction within the SLC topology.

e Reduction of battery terminal ripple (<1.5%) and
improved charging smoothness, supporting reduced
degradation and extended cycle life.

e Demonstration of a practical hybrid e-bicycle
platform with a 15% improvement in battery-
supported mileage, validating the proposed control
strategy.

I1.OVERALL E-BICYCLE SYSTEM ARCHITECTURE

The architecture of the hybrid charging and propulsion
system of the e-bicycle proposed in this study is shown in
Fig. 1. The system employs a stepped down single-phase
100 V, 50 Hz AC supply from a 230V, 50 Hz AC grid
using a step-down transformer, which is connected to a
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Fig. 2. Detailed diagram of the designed system.
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TaABLE 1. Nomenclature for the Proposed ARCT-SLC

System
Variable Description
Vin Input AC voltage (after autotransformer)
Ve & Ig Rectified AC input voltage & current
Vey & lpy PV panel voltage & current
Vsic Average output voltage of SLC
Vo Output/battery charging voltage
iL Inductor current
A Duty ratio generated by the actor network
0 Actor network weights
® Critic network weights
r(k] Reward at iteration k
S[k] Temporal-Difference (TD) error
Y Discount factor
PF Power factor
THD Total harmonic distortion
Vmppt PV voltage at MPP
fs Switching frequency
Ts Sampling period
Nupdate Actor-critic update interval
Ola, Oc Learning rates for the actor and the critic

rectifier for AC-to-DC conversion.

The rectified supply is connected to a Super-Lift
Converter (SLC), which is tailored to provide a high
voltage gain with low output ripple. The converter is driven
in a three-port configuration to facilitate the hybrid energy
input and output. Port 1 is supplied with DC from the grid
and is energized for indoor or stationary charging, whereas
port 2 is linked to a flexible solar panel that supplies power
during outdoor cycling. The solar panel is a 36 VV, 60 W
module. The SLC charges a 3642 V, 10.4 Ah lithium-ion
battery pack. Port 3 supplies the regulated DC output to
charge the lithium-ion battery, which supplies a Brushless
DC (BLDC) motor for propulsion. An FPGA controller
driven by an Adaptive Reinforcement-Based Current
Tracking (ARCT) algorithm regulates the switching
actions of the converter to provide voltage stability,
enhance the power factor, and minimize harmonic
distortion. The hybrid integrated configuration enhances
energy efficiency, provides grid compatibility, and
enhances the mileage of the e-bicycle.

A detailed schematic of the system implementation is
shown in Fig. 2, where each functional block is represented
by its corresponding electrical component. The AC supply
is connected to a Diode Bridge Rectifier (DBR), and its

output is filtered using an input inductor (L11).

The SLC stage includes a switching device (S),
inductors (L11 and L21), diodes (D21 and D22), and
capacitors (C21 and CO0), designed to have a multi-stage
boost topology. A 60 W solar panel is implemented in the
input path of the converter, enabling auxiliary energy
harvesting. The SLC regulated output is supplied to a
10.4 Ah, 36-42V lithium-ion battery. The FPGA is
supplied with feedback signals such as the AC supply
voltage, actual and reference SLC output voltages, and the
current flowing through inductor L11. Based on this
feedback, the ARCT algorithm dynamically controls the
switching of S for an efficient operation under various load
and input conditions. The figure provides the rationale
behind the design by showing how the control and power
stages communicate at the circuit level, enabling the high-
efficiency and reliable operation of the hybrid e-bicycle
charging system.

Passive components, such as inductor and capacitor
values, are derived based on standard ripple constraints.
The inductor is sized by
VA
Lf, '
where, di, is the ripple current in inductors L11 and L21,
Vr is the rectified AC input voltage, A is the switching duty
cycle, and fs is the switching frequency. Considering that
the ripple current in the inductors is limited to 20% of the
average inductor current at a switching frequency of
20 kHz, L11 and L21 can be chosen as 100 pH.

The capacitor is chosen by

di, =

@

[,A
cf,
where, dVc is the ripple voltage in capacitor C0O and lo is
the current through capacitor C0. Considering that the
ripple voltage in the capacitor is limited to less than 1% of
the output voltage, CO can be set to 470 uF. Table 1
summarizes all mathematical symbols and parameter
notations used in the ARCT-regulated SLC model to

ensure clarity and consistency throughout the text.

dv,= 2=, v

1. SUPER-LIFT CONVERTER (SLC)

The SLC topology is derived from the Luo converter
family, where voltage boosting is achieved through the
sequential discharging and charging of multiple capacitors
and inductors. A schematic of the SLC and its equivalent
operating state are shown in Fig.3. The illustration
includes the entire circuit setup, as well as the two
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prominent switching states, that is when the switch is ON
and when the switch is OFF.

During the switch-ON interval, the DC link input energy
of the switches is stored in inductor L11 and capacitor C21
is charged from the input voltage Vg, that is, the rectified
voltage of a single-phase 100 V, 50 Hz AC source, by
diode D21. The energy is stored for a very short time
interval in the magnetic field L11 and the electric field C21
and no energy is transferred to the output. When the switch
is OFF, diode D21 is reverse-biased, diode D22 is forward-
biased, and the stored energies of L11 and C21 are
transferred to the output side through D22, thereby
boosting the voltage. The output capacitor CO filters this
energy and provides a smooth DC output voltage Vsic
between battery terminals.

(e
Fig. 3. (a) Overall circuit topology (b) Equivalent circuit when the switch is ON (c) Equivalent circuit when the switch is OFF.

This two-step energy-transfer process allows the
converter to superimpose the voltage across C21 on top of
the input voltage and generate a much higher output
voltage. Not only does the operation increase the output, it
also renders it low in ripple, which is a desirable
characteristic for battery charging. Mathematical modeling
of the voltage and current performance of the converter
confirms this behavior. The average output voltage Vs c of
the SLC can be expressed as
2-A
A ®)
where, Vg is the rectified AC input voltage, and Vs.c is the
output voltage. Compared to the existing boost converter,

VSLC = \X
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which has a gain of ﬁ the SLC has improved gain

characteristics for the same switching duty cycle.
Similarly, the converter output current ls.c can be
defined in terms of the input current Ig as
1-A
A lg . 4)
The front end of the SLC is a full wave diode bridge
rectifier (DBR) and its average output voltage is given by

lsic =

Ve =—", ©)

where, Vp is the peak value of supply AC voltage.

Substituting equation (5) in (3), we get

A
s.c — i__ﬁTp : (6)
This expression ensures that the SLC effectively
converts the voltage and current levels without disturbing
the balance of energy and with minimal losses. The voltage
transformation gain M is expressed as follows:
M=Yae 278 @)
Ve, 1-A
The gain feature is much better than that of the
conventional boost converter, especially for high duty
cycle A values; therefore, the SLC is ideal for high-voltage,
low-ripple battery charging.

The use of more than one lifting stage, along with a
voltage boost provides seamless conduction on the input
side, enabling an improved power factor and reduced
harmonic distortion. Such characteristics are inherent in
applications where the input supply is an AC grid and
power quality needs to be guaranteed. Additionally,
because of its mode of operation, the SLC inherently
provides low electromagnetic interference (EMI) and
reduced stress on the switch, thereby improving the system
reliability and component life.

In the proposed system, the SLC is interfaced with an
FPGA that implements an ARCT algorithm. The ARCT
controller dynamically adjusts the duty cycle of switch S
based on the real-time measurement of the inductor current
and input voltage. The control causes the inductor current
to follow a sinusoidal reference, essentially performing
power factor correction at the input and stable charging at
the output. The SLC with the ARCT algorithm achieves
voltage step-up and intelligent control, resulting in a
compact, adaptive, and grid-connected charging compliant
system.

Thus, SLC simplifies the hardware and facilitates high-
performance control integration. Its inherent high-gain
characteristic, low output ripple, and compatibility with
advanced digital control techniques, such as ARCT, make
it a good choice for modern EV battery chargers. The next
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Fig. 4. Proposed ARCT architecture.
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section discusses the ARCT algorithm, which controls the
SLC operation to provide optimal current tracking and
enhanced power quality.

IV. DESIGN FRAMEWORK OF THE ARCT ALGORITHM

The proposed ARCT configuration shown in Fig. 4
combines the high-voltage gain benefit of the Super-Lift
Converter (SLC) with an adaptive reinforcement learning-
based current tracking methodology to achieve improved
power quality and battery charging stability.

The ARCT algorithm is based on the actor-critic
reinforcement learning framework, which is defined by
two primary components: the actor and the critic. The actor
is responsible for selecting control actions (i.e., the switch
duty cycle in the SLC), and the critic evaluates the quality
of the action chosen by running a reward function based on
the system response with special emphasis on inductor
current tracking. The control objective is to condition the
input current to follow a sinusoidal reference waveform in
phase with the input voltage to achieve power factor
correction and reduce the total harmonic distortion (THD).

The inductor current i (t) is measured at each sampling
instant and compared with the synthesized reference
current iyt (t), which is generated as a scaled input
rectified voltage.

The error is computed as follows:

e(t) =i (- (). )

The critic network approximates the estimated return
using the estimate function V(s;), where s; is the current
state of the system.

The temporal-difference (TD) error signal is computed
as

3(t) =r(t) +vV(s.)-V(s) . (9)
where, vy € (0,1] is the discount factor, and s; + 1 is the next
state considered as a consequence of applying the selected
control action. The TD error is the error in the estimation
of the reward and is what the actor and critic are updated
with.

The actor network, responsible for generating the duty
cycle d(t), generates a control action based on a
parameterized policy function m (St), given by

d(t) =my(s,) =0"d(s,) - (10)
Here, 0 is the actor parameter vector, and ¢(s;) is the system
state feature representation. The actor parameters are
learned by the policy gradient method, which adjusts the
control policy to maximize the expected reward:

0 <« 0+0a,0(t)V,logm,(s,) . (11)

where o, is the actor’s learning rate. Simultaneously, critic
parameters w, used for approximating V(si), are updated to
minimize the mean-squared TD error:

oo+ )V V(s), 12)
where a is the critical learning rate. Control action d(t) is
then converted into a gate signal for the power switch in
the SLC. As the ARCT algorithm learns and adapts over
time, the converter can dynamically switch the switching
action to accurately follow the current, improve the input
power factor, and minimize the harmonic distortions
without system modeling or fixed control laws.

The strength of the ARCT approach is its generalization
across the operating points. Unlike fixed-gain controllers
that require re-design for different supply voltage or load
levels, the actor-critic policy learns an optimal action
across a wide range of conditions via reinforcement
learning. Furthermore, the actor-critic architecture is a
trade-off between learning stability and responsiveness and
can be readily implemented at high speed in an embedded
system on an FPGA platform.

The ARCT controller is implemented in discrete-time
with the sampling time synchronized with the converter
PWM switching frequency. It receives the sensed inductor
current and supply voltage for each switching cycle,
computes the control policy, updates the weights through
gradient-based computations, and utilizes the updated duty
cycle for the subsequent switching period. The reference
current waveform iy ref(t), is furnished by a zero-cross
detection circuit and scaled in proportion to the
instantaneous rectified AC input such that the input current
is sinusoidal and in phase with the source voltage.

V.MATHEMATICAL MODELING AND THEORETICAL
VALIDATION

The proposed Adaptive Reinforcement-Based Current
Tracking (ARCT) algorithm employs an actor-critic
reinforcement learning framework to regulate the SLC for
lithium-ion battery charging from hybrid power sources. A
thorough mathematical model of the system, where
theoretical and experimental values are compared, such as
power factor (PF), total harmonic distortion (THD),
inductor current tracking, battery ripple voltage, and stable
photovoltaic (PV) output is described below.

The total source current can be represented as

iin (t) = IL(t) +i[r:/%5in(n(ﬂt +(Dn)j = iL,ref (t) +e(t) 1

(13)
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where, iin(t) is the source current, i(t) is the inductor
current, Vin is the supply voltage, Z, is the n-th harmonic
impedance, o is angular frequency, @, is the phase angle
of the n-th harmonic, iLs(t) is the reference inductor
current, and e(t) is the tracking error.

The dynamic voltage transfer gain of the SLC can be
expressed as

_ 2 ke?
M(t)=\%= (2-a0) + SA((tt)) ,
. (1—A(t))(l+k2dtj

where, M(t) is the instantaneous gain, A(t) is the duty ratio,
e(t) is the tracking error, ki and k; are tuning constants.
The total harmonic distortion (THD) can be expressed

by

(14)

, (15)

2

I, -2
THD = % x100%,

1
where, linrms IS the RMS input current and 11 is the
fundamental component.

The stabilized PV output current is derived from:

1y =220 o ing, ) - BLe), (16)
RPV
where, lpy(t) is the PV current, Vmepr(t) is the maximum
power point voltage, Rpy is the panel resistance, wsun is the
solar frequency component, apy, and Bpv are the control
gains.
Ripple voltage at the battery terminal can be estimated
by

My (1) - {Ci | [I © _\%a)]dt}y% an

batt 0 int
where, AVpan (t) is the ripple voltage, Cpar is the battery
capacitance, Inar (t) is the battery charging current, Vpar (t)
is the terminal voltage, Rin is the internal battery resistance,
and v is the tuning constant.
The duty cycle generated by the actor network is

At) = o(W,"d(s,) +b)+23(t), (18)

where, o is the activation function, W, is the actor weight
vector, O(sy) is the feature vector of state s;, b is the bias, A
is the learning rate, and 3(t) is TD error.
The reward function used by the ARCT agent is given
by
r(t) =—{ o€’ (t) + o, (1- PF)* +0,THD? |, (19)

where, o1, 02, and asz are weight constants, and PF and THD

are the performance metrics. The long-term voltage
stability of the battery output is ensured if

—
!m?_{[hlban (t) _Vref
where, Ve is the reference terminal voltage.
The critic update includes PV regulation as

dt <0.01v,,, , (20)

j +(21)

where, V(sy) is the critic value, w; are weights, ®j(sy) are
features, and & is the PV error penalty.
The net energy transferred to the battery is modeled by

T T
Epat total = I(nAc Py (1) +Npy Poy (t))dt _I Poss (Ddt, (22)
0 0

VV(s)=V, (iqu)j(st)+&|lPV () = Ty s

where, nac and npy are the efficiencies of AC and PV paths,
respectively, Pac and Ppy are the input powers, and Pjoss IS
the total converter loss. These equations provide
theoretical backing to broadly explain the experimental
results.

The proposed ARCT controller for SLC is implemented
on an FPGA platform to ensure real-time operation and fast
adaptability. The control process operates on a discrete-
time scale synchronized with the switching frequency of
the power converter. The switching stage is driven by the
unipolar PWM at switching frequency fs =20 kHz. The
triangular carrier for PWM has a frequency fs and peak
amplitude 1. The duty command A[k] (discrete-time index
k) is translated to gate pulses by comparing A[k] with the
carrier. The switch is ON when A[K] > carrier(t) and OFF
otherwise. The control loop runs at the sampling frequency
fs and the sampling period is 50 ps. All sampled signals are
filtered before digitization by a first-order anti-aliasing
filter with the cutoff at fc, which is one-fourth of f;. Signals
on the FPGA are represented in the fixed-point Q1.15
format (16-bit signed) to satisfy the timing and resource
constraints.

A.TD Error Formulation

To make the ARCT algorithm explicit, the discrete-time
temporal-difference error (TD error) used by the critic is
implemented as

8(k) = K]+ Wiy —Veotsiy » (23)
where 8[K] is the TD error at sample k, r[k] is the scalar
reward at sample k, v is the discount factor, V,, (, is the critic
value function parameterized by weight vector o, and s[k]
is the system state vector at time-step k. The state vector is
chosen as follows:
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S[k] = [iL[k] 'VR[k] ’VSLC[k]’ iPV[k]]T ) (24)
where i is the measured inductor current, Vr is the rectified
DC input (per unit), Vs.c is the SLC output/battery terminal
voltage, and ipy is the PV current.

B. Reward Function

The actor outputs a continuous duty command from a
lightweight neural policy (one hidden layer) and is updated
online using the policy-gradient style rule:

6k +1] = 6[k]+ o, 8(K)V,m, (SIK]) » (25)
where 0[K] is the actor parameter vector at the k" step, aa is
the actor learning rate, 5[K] is the temporal difference (TD)
error, me(S[K]) is the policy function parameterized by 6,
evaluated at state s[k], Ve denotes the gradient with respect
to actor parameters.

C.Critic Update
The actor output is saturated to enforce safe switching,
A[K] = saturate(my gy, Apins A (26)
where Amin = 0.15 and Amax = 0.85 in our implementation.

The critic is updated using a semi-gradient TD (0) update
implemented as follows:

max)'

ofk +1] = ofk]+ o, x3(K)xV V) » 27)
where o is the critic learning rate and V,,V,, is the gradient
of the critic value function.

D.Actor Update

The reward used for online learning is a normalized
negative quadratic that balances the current tracking,
power quality, and output regulation:
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Fig.5. Adaptive reinforcement-based current tracking (ARCT) learning mechanism.
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r[k] = —[o,€%[K] + o, (L— PF[K])? + o, THD[K]* —
—0t, (Vo e [K] = Vi )2 + 05l %

where e[K] = iLrer[k] — iL[K] is the inductor current tracking
error, PF[K] is the instantaneous power factor estimate (per
unit), THD[K] is the short-time THD estimate (per unit)
computed over the last M samples, Vi is the target battery
charge voltage, Ai.[K] is the inductor ripple estimate, and
ay — as are scalar reward weights. Short-time THD and PF
are computed using an N-sample sliding window FFT on
the FPGA host (or on a connected controller) as follows:

21

(28)

THD[K] = ”T , (29)
1 < .
T Y. Ve®ig(®)
PF[k]= - k‘”‘:“w“ — . (30)
\/Twl_kZTiﬂVR (v)* JTM_kZTiHiR (v)*

where 1, are harmonic magnitudes of the input current
computed from the short window FFT (Nn harmonics used;
we use Np=40), I; is the fundamental, and T, is the
window length in samples. The FFT window uses a

TABLE 2. Learning Hyper-Parameters

Component/Parameter Specification
Switching frequency (fs) 20 kHz
Sampling period (Ts) 50 ps
Discount factor (y) 0.95

Actor learning rate (o) 0.01

Critic learning rate (o) 0.005
Reward weights 0.5,0.3,0.2
PV penalty factor (&) 0.1

Duty ratio limits (Amin, Amax) 0.1,0.9

Hanning window and energy is computed up to the 40™
harmonic to match the IEEE harmonics standard. To limit
online computation on the FPGA, the actor is evaluated
every control cycle, while the critic weight updates and
RMS/FFT-based PF/THD calculations are performed
every Nypdate Cycles. This reduces resource usage while
preserving control responsiveness.

The learning process of the ARCT controller is shown
in Fig. 5. The actor network generates the control duty ratio
A(K) based on the observed converter state s(k). The critic
network evaluates the temporal-difference (TD) error (k).

L

Fig. 6. View of the designed e-bicycle.
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Fig. 7. Test bed of the incorporated super-lift converter.

Both networks update their parameters in real time
according to the weight-update rule of Eq. (27) and Eq.
(28).

The actor weights 0 are adjusted to minimize the error
between the reference inductor current and the measured
value, while the critic weights o estimate the long-term
performance value.

This cooperative interaction enables adaptive duty-cycle
regulation that yields ripple-free current tracking and
improved PF correction under varying load and irradiance
conditions. The learning hyper-parameters used in our
experiments are summarized in Table 2.

VI. EXPERIMENTAL VALIDATION

To validate the performance of the proposed battery
charging system using the SLC regulated by the ARCT
algorithm, a hardware prototype was developed and tested.
Figure 6 shows the designed e-bicycle with a hybrid
charging system. The 10.4 Ah lithium-ion battery is placed
on the middle frame to obtain the weight distribution
balance. A solar panel is placed on the rear carrier with a
cabinet design and flexible openings. The SLC and FPGA-
based control circuitry are placed inside the solar panel
cabinet for compactness. The BLDC hub motor is placed

on the rear wheel to ensure smooth and efficient

propulsion.

The test bed of the proposed ARCT-based FPGA-
controlled SLC is shown in Figure 7. The experimental
parameters for the proposed system are listed in Table 3.

The power factor (PF) and total harmonic distortion
(THD) of the proposed hybrid e-bicycle charging system
were experimentally evaluated using a Yokogawa
WT1800E precision power analyzer, which complies with

TABLE 3. Experimental Parameters

Component/Parameter Specification

AC input voltage 230 V RMS, 50 Hz

Input rectifier Single-phase full-bridge diode rectifier

Battery capacity 10.4 Ah, 3642 V lithium-ion battery

SLC inductor L11,L.21 100 pH each

Capacitor C21, CO 470 p_F / 63V low-ESR electrolytic
capacitors

IRF540N MOSFET (100V, 33 A,
RDS(on)_{DS(on)} = 0.044 Q)

Fast recovery diodes (UF4007 or
MUR460 equivalents)

FPGA-based custom controller

Power switch
Diodes D21, D22
Control platform

Sensor interfaces Hall-effect voltage and current sensors
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Fig. 8. Supply voltage and current without ARCT.

IEC/IEEE measurement standards. The analyzer was grid frequency (50 Hz). For THD estimation, the Fast
configured with a sampling frequency of 200 kHz and a  Fourier Transform (FFT) method was applied with a
measurement window synchronized with the fundamental ~ Hanning window, and harmonics up to the 40" were

300V 6A

Grid current in phase with

200V grid voltage and power 44
Grid current, Ti, 24/div factor is near unity
100 v S
3 o
S .
s S
§
3
100V
Grid voltage, Vi, 100V/div
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Fig. 9. Supply voltage and current with ARCT.
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Fig. 10. THD in supply current without ARCT.

TABLE 4. THD Order and Current Without ARCT
Harmonic order 1 3 5

7 9 11 13
Grid current, A 0.2146 0.0565 0.0085 0.0027 0.0009 0.0003 0.0002

considered, as recommended by IEEE Std. 519-2014. The

improvements achieved with the aid of the proposed
experimental results shown in Fig. 8-20 reveal significant

system. Figure 8 represents the supply voltage and current

_ 44

S >4 Grid current, 1i, 2A/div

3 f\/\/</_\/\/
S-24

1 44

Bar 1 Y 100.0 A (log Scale) 1 100)

100 %
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IEEE 519 standard N
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S
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l. 1 10 00eA T
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Fig. 11. THD in supply current with ARCT.
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TABLE 5. THD Order

and Current with ARCT

Harmonic order 1

3 5

Grid current, A 0.205

0.0002 0.001 0.001

waveforms during the charging of the battery without
ARCT control. Without ARCT, there was a noticeable
phase displacement between the current and voltage,
indicating a poor power factor.

On the other hand, the waveforms were nearly in phase
with the incorporation of ARCT control as shown in Fig. 9.
This synchronization effectively enhanced the power
factor and reduced the reactive power loss.

Figure 10 shows the Total Harmonic Distortion (THD)
of the supply current in the absence of the proposed ARCT
control. The harmonic order and the corresponding
harmonic current values are summarized in Table 4. The
current values up to the 13" harmonic, were measured and
presented because the harmonics current was zero for
harmonics above the 13™. The THD without ARCT control

was 32.418%, which exceeded the acceptable limits set by
the IEEE 519 standard.

According to IEEE 519-2014, the allowable current
THD limit is 5% at the Point of Common Coupling (PCC).
The high THD in the absence of ARCT indicates reduced
equipment life and increased power loss. When the
proposed ARCT control is implemented, the THD is
significantly reduced to 2.211% (as shown in Fig. 11),
which complies with the IEEE 519 standard and ensures a
better power quality. The harmonic order and the
corresponding harmonic current values are summarized in
Table 5. The current values up to the 7 harmonic were
measured and presented because the harmonics current was
zero for harmonics above the 7M. This ensures the proper

180V g X1 304
2 20.00 4 = :
)N Source voltage at DBR terminals 20 A
I-” l / s AV
60V A A AIAIAIAIAIAIATATATRA Al0A
60V Actual inductor current 104
120V Without ARCT, actual inductor current Y
} 12 -30.00 & fails to track grid voltage gl
80V = = =304
500 1000 2000 3000 4000 5000 6000 7000 8000 9000
Time, 500 ms/div
(a)
180V Way 304
\’ Source voltage at DBR terminals, 100 V/div 3
120V | ¢ Fas : 204
60V | {104
|
| l‘ v / .

. ‘ Actua 104
-60) With ARCT, actual inductor'current tracks the inductor J
120V phase of source voltage successfully current 204
180 v 24 -30 4

500 1000 2000 3000 4

000 5000 6000 7000 8000 9000
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(b)

Fig. 12. Actual inductor current and source voltage at DBR terminals (a) without ARCT (b) with ARCT.
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Fig. 13. Voltage and current in battery terminals without ARCT.

alignment of the supply current with the voltage waveform  inductor current from the voltage signal, resulting in
and minimizes harmonic distortions. inefficient current tracking and higher ripples. By contrast,

Figure 12 presents the waveforms of the source voltage W!th AR_CT control, the actual inductor cur_rent CIOS?IV
at DBR terminals and actual inductor currents. Without aligns with the source voltage at DBR terminals, which

ARCT control, there is a clear deviation of the actual validates the implementation of the ARCT algorithm
leading to improved stability and reduced ripple.
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Fig. 14. Voltage and current in battery terminals with ARCT.
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Fig. 16. PV output current with and without ARCT control.

Fig. 13 illustrates the voltage and current profiles at the
battery terminals without ARCT control.

In the absence of ARCT control, the voltage at the
battery terminals exhibited a ripple exceeding 10%, which
compromised the charging process by introducing
inefficiencies and potentially degrading the battery over

time. The current profile also shows significant
fluctuations owing to the high ripple voltage, resulting in
uneven charging and reduced battery life. Conversely, with
the implementation of ARCT control (Fig. 14), the ripple
voltage was significantly reduced to less than 1%, thus
emphasizing that harmonic distortion was limited.
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Fig. 17. MPPT dynamic response (1000—400 W/m?).
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Fig. 18. P-V curves at 25°C.

Figure 15 shows the variability of the PV output voltage
over different time ranges of the day, with and without
ARCT control.

In the absence of the ARCT, the current oscillated with
solar irradiance changes — 1.2 A in the morning (8:00—
11:00 am.), 1.6 A at noon (11:00 a.m.-3:00 p.m.), and
1.5 A in the late afternoon (3:00-6:00 p.m.). These small
oscillations demonstrate a lack of voltage control, with

o

suboptimal current generation under changing sunlight
conditions. With the ARCT algorithm, the output current
is maintained at 1.6 A over all periods. This stability
demonstrates the ARCT’s capability to control the duty
cycle of the converter and keep the operating point close to
optimal, even with changing solar input. The regulated
current improves the battery charging profile by providing
constant energy, boosting efficiency and charging
reliability under realistic outdoor conditions.

Current, A

051

1000 W/m?
800 W/m?>
600 W/m?
400 W/m>
—— 200 W/m>

0 10 20

30 40 50

Voltage, V

Fig. 19. I-V curves at 25°C.
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A 60 W flexible PV module was tested under varying
irradiance (200-1000 W/m?) and cell temperature (15°C,
25°C, 45°C). The FPGA implemented an MPPT algorithm
with 500 Hz sampling, perturbation step AV =0.2 V, and
convergence threshold |AP|/P < 0.5%. In the implemented
solar interface, the MPPT is carried out using the Perturb-
and-Observe (P&O) algorithm, chosen for its simplicity,
fast convergence under slowly varying irradiance, and
suitability for FPGA-based real-time execution. At STC
(1000 W/m?,  25°C), Vmp=36.0V, Inp=167A,
Pmp=60.1W, and V,.=44.0V. Tracking efficiency
remained > 97.8% across all test points, with convergence
times <0.45 s, validating robust real-time operation. At
elevated temperature (45°C), Vimp dropped to 32.8 V with
Pmp=55.3W, while at low temperature (15°C) the
maximum output rose to 62.5 W. Dynamic MPPT tests
with irradiance step 1000—400 W/m? achieved stable
convergence within 0.32 s. The stabilized PV contribution
(~1.6 A, =58 W) consistently extended the e-bicycle

mileage by ~15%. The transient response of the PV power
under a sudden irradiance drop from 1000 W/m? to
400 W/m? is shown in Fig. 17. The FPGA-based MPPT
converges smoothly within 0.32's, maintaining high
stability. This demonstrates the fast adaptability and
tracking efficiency of the proposed controller.

Figure 18 illustrates P—V characteristics at 25°C for
irradiance ranges of 200-1000 W/m2. The pronounced
peaks indicate accurate maximum power point recognition
across conditions. The proposed MPPT reliably aligns with
the true Pmax, supporting the reported > 97.8%.

The I-V characteristics for different irradiance ranges
are shown in Fig. 19. The observed curves displayed the
expected current scaling with irradiance and stable open
circuit voltage, Voc. These results attest to the realistic PV
modeling and the system maintains reliable energy
harvesting under variable solar input.

A comparative analysis of the mileage and efficiency of
the established e-bicycle under four different working
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Fig. 20. Mileage and efficiency analysis of e-bicycle.

106


http://esrj.ru/

S. G. Inbakani, P. Elangovan

Energy Systems Research, Vol. 8, No. 4, 2025

10
Capacity retention (without ARCT)
100 N = == :Capacity retention (with ARCT) )
= : : v -~
™= = - Degradation (without ARCT) L

" — == :Degradation (with ARCT) 19
c\ OR ~ = ~
e e &
2 - o
E 7 b A -~ 10 E
¥ 06 7 = ]
bt =
L¥} ¥ =
= =
- 7 i
A — 7 -4 Bt
w0 94 P —~ St :'
5 ” - a
e 7 -
~/ > - = p)

92 r 7 iy i —

7 = el
7 -| ™
o
-

90 ;

100

I Il 0O

150

Number of charge—discharge cycles

Fig. 21. Battery degradation analysis with and without ARCT control.

conditions, namely, normal operation (battery only), with
PV support, loaded with 40 kg, and loaded with PV
support, is shown in Fig. 20.

Under normal conditions, the bicycle attained a
maximum mileage of 45 km at a 100% SoC. However, the
addition of the PV panel increased the mileage to 52 km,
authenticating an improvement of nearly 15% in travel
range. During the application of 40 kg load, the mileage
decreased due to increased power demand, but the presence
of PV support partially compensated for this reduction,
thus improving overall performance. A similar trend was
detected in efficiency, where the PV-assisted modes
consistently outperformed the battery-only cases, while the
loaded conditions experienced a slight drop due to the
increased torque demand. These results suggest that the
proposed ARCT and PV integration not only enhances
mileage but also withstands higher charging and
discharging  efficiency, thereby confirming the
effectiveness of the designed hybrid e-bicycle system. The
design is prone to uncertainties due to sensor tolerance,
passive component variations, and environmental
variations impacting PV panel output. Small timing delays

during FPGA switching and FFT-based THD measurement
also cause modest deviations in measured results. The
above uncertainties are likely to cause modest effects on
the reported results in mileage estimation and power
quality indices but do not offset the measured performance
enhancements. Future research should address these issues
through the implementation of high-grade sensor
calibration, adaptive robust control, and real-time
uncertainty modeling to further elevate the level of
reliability of the design.

To assess the long-term impact of the proposed ARCT-
based charging, a battery degradation analysis was
performed over 200 charge—discharge cycles of the e-
bicycle’s 10-series (10S) NMC lithium-ion pack. Charge—
discharge cycling was carried out between 100% and 20%
SoC at a discharge current of 3.5 A under controlled
ambient conditions of 27°C + 2 °C. Three individual cells
from the pack were additionally monitored to examine
stress patterns under conventional charging and ARCT-
controlled charging with ripple suppressed below 1.5%.
Battery voltage, current, and temperature were recorded
using a Keysight digital multimeter, a data logger, and an
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TABLE 6. Comparative analysis of the proposed work with the existing works

Parameter

Hysteresis-based
control [34]

Average current-mode
control [35]

This study

Converter topology

Control schema

Implementation
platform

Power factor (PF)

Total harmonic
distortion (THD)

Ripple in output
voltage

Dynamic response
to load variation

Real-time
adaptability

Input source
Energy backup

Battery charging
application

Implementation

High-gain DC-DC
Modified PI
DSP-based controller
0.90

3.46%

~3.5%

Fast but unstable
beyond high ripple

Limited (fixed
threshold)

Grid only

None

General EV charger

Integrated 3-phase AC-DC

DSP-based digital PFC
control

Microcontroller

0.998

2.87%

~2.87%

Moderate, requires
parameter tuning

Limited (re-tuning needed)

Grid only

None

EV on-board charging

Moderate

Super-lift converter (SLC)

Adaptive reinforcement-based current tracking
(ARCT) using FPGA

FPGA-based real-time control

0.99

2.2%

<1.5%

Fast and adaptive with minimal overshoot

Self-learning across operating points

Grid + flexible solar panel (hybrid source)

Solar panel backup

E-bicycle (Lightweight mobile application)

complexity Simple

Higher (but FPGA allows compact execution)

INA219 precision current sensor. The degradation metric
was defined as the percentage loss in usable capacity.
Figure 21 compares the degradation rates for conventional
charging and ARCT-based charging. It is evident that the
ARCT-based system kept a more stable charging profile,
reducing current ripple and thermal stress on the lithium-
ion cells. Subsequently, the cumulative capacity loss after
200 cycles was limited to 3.8%, whereas conventional
charging exhibited 8.9% degradation. We attribute this
enhancement to the adaptive current tracking and
reinforcement-based optimization, which continuously
minimized the inductor current error and ensured near-
ideal power flow into the battery. The observed difference
translated to approximately a 57% reduction in degradation
rate, confirming the benefits of the proposed ARCT control
in extending battery lifespan.

The comparative analysis in Table 6 shows the
improved operation and novelty of the proposed battery
charging system in comparison to the two earlier studies.

The comparative analysis highlights that while
hysteresis-based control [34] achieved a PF of 0.90 with a

higher THD (3.46%) and ripple (~3.5%), and average
current-mode control [35] improved the PF to 0.998 with
reduced THD (2.87%) and ripple (~2.87%), both remain
limited to the grid-only input and lack adaptability. In
contrast, the proposed FPGA-based ARCT control on the
SLC attained a near-unity PF (0.99), significantly reduced
THD (2.2%), and minimal output ripple (<1.5%) with
superior dynamic response and self-learning adaptability.
Furthermore, by integrating a flexible solar panel input, the
system uniquely provides hybrid energy support and
mileage extension for lightweight e-bicycle applications,
setting it apart from the conventional grid-only EV charger
implementations.

VII. CONCLUSION

This study presents the design and experimental
validation of a hybrid charging and propulsion system for
an electric bicycle that integrates a Super-Lift Converter
(SLC) controlled by an FPGA-based Adaptive
Reinforcement-Based  Current  Tracking  (ARCT)
algorithm. The novelty of this study lies in the first reported
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application of the ARCT control for an e-bicycle on-board
charger. The proposed approach effectively unifies solar
and grid-based charging, ensuring uninterrupted operation
under stationery and mobility conditions. Without the
ARCT, the system had a poor power factor of 0.85 and a
total harmonic distortion (THD) of 32.418%. With the
ARCT control, the power factor was as high as 0.99 and
the input current THD was reduced to 2.211%. The output
ripple voltage was maintained within 1.5% peak-to-peak,
making the battery safe for charging. The proposed FPGA-
based implementation enabled real-time control of the
SLC, with the actor-critic algorithm dynamically varying
the duty cycle to reduce the current tracking error.
Furthermore, the regulated photovoltaic output enabled
consistent solar-assisted charging, contributing to a 15%
increase in battery-supported mileage.  The system
successfully charged the battery while providing the grid
compliance and ripple-free output, establishing the
suitability of ARCT-controlled SLCs for compact and
smart electric vehicle charging stations. Although the
proposed hybrid charging system delivers optimized
performance, certain practical limitations remain. The
FPGA experiences computational loads at high sampling
rates, while sensor tolerances and temperature-dependent
passive component variations can affect learning stability.
Moreover, scalability to higher-power electric vehicles will
require thermal redesign and enhanced switch ratings,
providing clear directions for future work.
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