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MAXIMUM RIPPLE ELIMINATING MULTI-LEVEL BIDIRECTIONAL
DC-DC CONVERTER VIA OPTIMIZED DEEP LEARNING NETWORK
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In this research, a novel deep learning based Multi-level Bidirectional DC-DC converter using a modified Emperor Penguin
Optimized multi-graph neural network (MEPO-MGN?) has been proposed. Grid power is converted to direct current by means
of an AC-DC converter, and then a bidirectional multi-level DC-DC converter (MLDC) is used for the power transfer in both
directions between the grid and PMDs. The proposed method utilizes an attention multi-graph convolution network (AMGCN)
for the duty cycle (&) prediction of MLDC to regulate the flow of power between the grid and PMD, vice versa. This system
employs multiple Proportional-Integral (PI) controllers to manage voltage and current for stable, optimized power transfer.
Modified emperor penguin optimization (MEPO) is used to tune the parameters of MLDC, thereby achieving a well-regulated DC
output voltage in the charging stations. The MEPO-MGN? performance is evaluated, and implementation is carried out using the
MATLARB platform. The efficacy of the proposed method is 98.5%, which is better than the other existing converter techniques.

1. INTRODUCTION

Over the recent years, the evolution of transportation
electrification has received considerable attention from
nations worldwide [1]. Electric wvehicles (EVs) are
considered the objective of reaching zero carbon emissions
as an alternative to achieving carbon neutrality. Globally,
electric mobility, or E-Mobility, has accelerated the
decarbonization of transportation. Electric vehicles (EVs)
may replace gasoline-powered automobiles with the use of
lithium-ion batteries (LIBs) [2]. Electric-powered vehicles
that require a charger or other infrastructure to recharge their
batteries are referred to as "e-mobility” [3].

Sustaining a low battery rated voltage is beneficial to
vehicle performance since it allows for the use of fewer cells
linked in series [4]. Conventional converters used in EVs often
face challenges such as limited voltage gain and high
switching losses [5]. Charging stations are advanced
infrastructures designed to quickly charge PMDs, which allow
users to recharge their devices [6]. Charging stations for
PMDs show a critical role in enabling the prevalent adoption
of these devices, as users need to be able to charge their
devices conveniently and reliably [7]. Therefore, a novel
topology for charging and a switching mechanism that can use
it are necessary with the purpose of fulfilling the charging
current's ripple rate, irrespective of the necessary charging
current across all chargeable voltage zones, varying from 12
V to 60 V [8]. Multilevel converters have appeared as an
optimistic result to overcome these difficulties, presenting
advantages like decreased voltage stress on components,
improved efficiency, and scalability for high-power
applications [9,10]. In this research, an MLDC converter using
a modified Emperor Penguin Optimized multi-graph neural
network (MEPO-MGN?) is proposed. The significant
contribution of the approached method is described as:

e This manuscript proposed a novel method called
MEPO-MGN? to develop a smart charging station by
reducing the charging current ripple and enhancing the
efficiency, thereby providing a well-regulated DC
output voltage for charging.

e This research utilized an AC-DC converter for the
initial conversion of grid power into a stable DC
voltage and a multi -level bidirectional converter
(MLDC) for the power flow in both directions between
PMDs and the grid.

e The proposed method employs an Attention Multi
Graph Convolution Network (AMGCN) for the
prediction of duty cycle (a )of the MLDC converter,
thereby controlling the bidirectional power flow
capability.

e Modified emperor penguin optimization (MEPO) is
used for tuning the parameters of the MLDC converters
by optimizing the duty ratio and switching frequency
of the MLDC converter.

The structure of the study is given as follows: Section 2
explains the related works on E-mobility. Section 3 presents
the proposed multilayer charging mechanism. The findings
and the MLDC operation experiment are then described in
Section 4. Conclusion and future work are provided in
Section 5.

2. LITERATURE SURVEY

A diode-parallel multilevel converter, which consists of an
independent Buck converter connected in series, was
introduced by Lee, J.H. et al. [11] in 2020. The switch on the
buck converter is placed at the negative terminal of the input
power source so that the supply voltage can be used as the
gate amplifier voltage. A DC transformer topology based on
a modular multilevel converter (MMC) and cascaded H-
bridge was proposed by Sha, G. et al. [12] in 2021. The
evidence is consistent with the theoretical analysis.

In 2021, Han, X., and Wen, H. [13] designed a modular
multi-level DC transformer (MMDC) that produces dual
active bridge (DAB) and modular multi-level converter
(MMC). The gate signals from higher to lower voltages in
capacitors. The simulation results show that the capacitor
voltage changes. In 2022, Sarkar, S., and Das, A. [14]
proposed a DC—DC modular multilevel converter (MMC) that
enables numerous EVs to be charged quickly. The suggested
converter is verified using a scaled-down lab prototype and
simulation model. A multilayer bridge tapped resonant
(MBTR) converter for battery-to-grid integration was
proposed in 2023 by Dube, S.K. et al. [15]. An efficiency of
95.8% is achieved with a switching frequency of 85-95 kHz.

A topology equivalent circuit design of a three-level pulse
width modulation rectifier was presented by Huang, Y., et al.
[16] in 2023. Because of their notable performance benefits,
the three-level AC/DC and three-level bidirectional DC/DC
converters used in this study offer genuine assistance for the
EV charging station. A SOC-Based Fast and Stable Charging
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Control for EVs using a Multilevel DC-DC Buck Converter
was presented in 2024 by Ray, K.B., and Kumar, R. [17]. To
show the appropriateness of the suggested billing system, a
comparison study is performed.

In 2025, Jothimani, G. et al. [18] proposed a high-gain DC-
DC converter with a lower part count for light electric vehicle
(LEV) applications. Furthermore, MATLAB/Simulink is
utilized to simulate the proposed configuration, which
confirms the theoretical findings, and a 100 W laboratory
prototype of the same is fabricated and tested to verify the
performance of the presented converter. In 2025, Duraisamy,
M. [19] suggested an integrated non-isolated DC-DC power
converter construction that combines voltage-gain-boosted
Cuk topologies with conventional SEPIC (single-ended
primary inductor converter) in tandem. An experimental setup
is created, and its outcomes are compared with those of the
MATLAB/Simulink topology model in order to verify the
efficacy of the suggested integrated converter structure.

Compared with recent state-of-the-art multilevel DC-DC
charging systems, which mainly focus on hardware topology
and fixed control strategies such as MMC-DAB structures
[12,13], isolated bidirectional converters [14], and SOC-
based buck converters [17], the proposed HSWO-AMGCN-
based MLDC framework is technically superior because it
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introduces intelligent, system-level energy management
rather than only component-level regulation. While existing
methods regulate voltage, gain, or SoC using PI or rule-based
controllers and treat each EV or PMD independently, they
cannot capture spatial coupling, shared DC-link dynamics,
or multi-charger interactions in fast-charging stations. In
contrast, the proposed attention-based multi-graph
convolution network (AMGCN) explicitly models the
electrical and operational interdependence between multiple
PMDs, MLDC stages, and the DC bus, enabling coordinated
power allocation and ripple-aware control. In the proposed
system, modified emperor penguin optimization (MEPO) is
used as a global optimizer to automatically determine the
best operating parameters for the converter and the
intelligent controller.

3. PROPOSED MEPO-MGN? METHODOLOGY

In this study, a multi-level bidirectional DC-DC (MLDC)
converter using a modified Emperor Penguin Optimized
multi-graph neural network (MEPO-MGN?) has been
proposed. Power from the grid is fed to the AC-DC converter
for conversion and to regulate the bidirectional power flow,
the DC voltage is fed to the MLDC converter (Fig 1).

Converters Personal mobility

devices

b b

Vo s QAT PO
- A'm A%

Vbe

Multi-lev
| DC-DC 4

1 bidirectional —
onverter

Attention Multi-Graph
Convolution Network le—I| MEPO for 001_111'01
(AMGCN) value selection

|
-+

Ay

Fig. 1 — Architecture of the proposed MEPO-MGN?.,

3.1. MULTILEVEL DC-DC CONVERTER (MLDC)

MLDC is utilized in the proposed smart charging system
for PMDs. Multi-level topologies are typically employed to
overcome the switching elements' voltage restriction in order
to handle high-voltage converters. The current ripple yx; of
the inductor is expressed as,

Us
vx, =>Veg(1 - 9), (M
Usis the Switching period of the converter, and the output

voltage ripple yV,,,; is expressed as,
W = Veg(1-g)UZ
out —

sLg @)
where V,, L and g are determined by the design conditions
of buck boost convertor. The duty ratio alone determines the
inductor's current and output voltage ripple while regulating
the converter. The input voltage of the MLDC is made up of
V../ Protar» Which we defined as V,; in this study, in contrast
to the input voltage V.. To generate the output voltage V,,,;,
the MLDC uses V,; the input to determine the number of
levels Py 4. The duty ratio g, of the output voltages Vo,
Py 4can be written as follows:

Vout = szt(Pst + (gst - 1)Pstg)7 (3)
v _ M)
9st = Vour ( VxstXPstg ' “)

Py;4is the number of active converter stages contributing
to the output voltage If the number of converters V,;. Then,
the current ripple and output voltage ripple of the inductor
can be expressed as

U
YX, = TSsztgst(l — 9st),

(5)
Vxgst(1—gs)UZ
YVout = % (6)

However, if P4 > 1, then the current is enclosed by Py,
causing a reduction in the current ripple yx; . The current
ripple cancellation effect Cr; can be written as
Pstg(gst—%)(%—gst)

ery gst(1=gse) ’ (7)

YX, = Tsztgst(l — Gst)- (®)

The output voltage ripple of the MLDC yV,,,; is given as

follows:

CT[ =

Vagst(1—gsp) U2
8LgXPstg

yVout = (9)
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The inverter is not included in the number of inverters
using PWM if its exchanging condition is active. The
multilevel bidirectional DC-DC converter (MLDC)
interfaces the grid-side DC link and the PMD battery. It
receives the switching signals from the PWM generator and
produces the electrical outputs.

3.2 BIDIRECTIONAL POWER FLOW CONTROL
USING AMGCN

Bi-directional power flow of MLDC converter is
regulated using an attention multi-graph convolution
network (AMGCN) to address voltage unbalance issues and
keep the charging current ripple at a low level. The Attention
multi-graph convolution network (AMGCN) acts as an
adaptive nonlinear controller. Specifically, AMGCN is used
as a controller to determine the output current and voltage of
the MLDC converter. Figure 2 depicts the architecture of
AMGCN.
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Fig. 2 — Architecture of AMGCN.

AMGCN is used for functions that involve structured data
with multiple graphs. AMGCNs use multiple graph
convolutional layers to extract features from each graph
independently, and then combine them to make a final
prediction of switching states. Here, to simulate the spatial
and temporal relations, a "hamburger" structure comprising
two LSTMs and a single multi-graph convolution layer (M-
GCN) is wused. Finally, spatial-temporal relations are
aggregated using a second LSTM. Then the information is
passed to the second phase and incorporated with an
attention mechanism to generate the predicted output.

An LSTM network is used to describe this local temporal
relation because each charging station's flow pattern differs
greatly. The memory of the previous time step g,_;and the
pertinent data at the present time step x; are the two inputs
that the LSTM receives at each time step t. Three gates—the
input gate, output gate, and forget gate control this process.
These gates can be expressed as follows:

fie = G(Tf[gi,t—l' xj,t] + bf)> (D
ij = o(T; [gj,t—pxj,t] + b)), (2)
C‘;} = tanh(TC [g]-'t_l, xj,t] + bc), 3)
Cj,t = fj,t ° Cj,t—l +io C/;,it’ 4)
Oj¢ = G(To [gj,t—llxj,t] + bo): 5
Jit = 0j;° tanh(C]-’t), (6)

where fj, 1,05, are the forget, input, and output gate
respectively. o, tanh are the non-linear activation functions.
Tf, T; and T, are the trainable parameters, while by, b;, b, are
the bias vectors of the trainable parameters. Regarding the
inputs of step t, the external features e; , are combined with
the flow y;

Xit = Vit @ €t (7
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To model the spatial relations, the multi-graph
convolution is proposed and is expressed as

Gy = 0(Upea A+ Hy x W), (®)

where A is the graph set, H is the feature matrix of all
stations, o is the nonlinear activation function, and W is a
trainable matrix, which will be updated during the training.
The predicted duty cycle is sent to the PWM generator,
which drives the MLDC switches. MEPO continuously
optimizes the neural controller and converter parameters to
ensure minimal ripple, fast transient response, and high
efficiency.

3.3 PARAMETER TUNING VIA MEPO

In this work, modified emperor penguin optimization
(MEPO) is utilized for tuning the hyperparameters of the
AMGCN. The MEPO algorithm has been shown to be
effective in optimizing the parameters of the DMGNN
control system for the MLDC converter. Assume that the
wind gradient and velocity is compute as follows.

p=La, )
R=a+n, (10)
where a is a random vector and 7 is an imaginary constant.

To survive the winter, penguins conserve heat in groups. If
the polygon radius (R) is greater than 1, the temperature (¢) is
assumed to be set to 0. Otherwise, temperature (7) is set to 1.

— _ _Maxiteration
E= (e Z_Maxiteration), (1 1)
0,P=>1,
- {1,P <1, (12)

where x is the current frequency and ¢ is the temperature
profile. All other Imperial Penguin positions will be changed
correspondingly.

> NN —

$=Dfw (F(U)X(w) —CDfr (w)) (13)
where Y and Z are used to avoid collisions between emperor
penguins. The current iteration is Rs. Q represents the top
penguin S , which represents the position of the sovereign
penguin. The social power emperor penguins use to find the
best solution is called b().

U= (M X (E + Xgrid(Accuracy)) X Rand()) —E, (14)
Xgria(Accuracy) = Dfw ()? - m), (15)

C = Rand( ). (16)

A motion parameter N with a value of 2 is used to isolate
penguins. The precision of the polygon grid is expressed as
q grid, and the random function Rand () takes values between

[0, 1],
—
Y(U) = (hg™y —q™)2. (17
Here, e is an expression characteristic, and g and 1 are

control limits, and their values are in the range [2, 3]and [1.5,
2], respectively.

—_— - - -2

XfriW+1)=XW)-U.S, (18)
where Qep(s+1) is the optimal solution, while repeating this,
the penguin changes position.

As a result, MEPO adjusts the MLDC converter's duty
ratio and switching frequency to forecast the converter's
ideal switching state and reduce current ripple. The
suggested model's workflow is shown in Fig. 3.
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| Geid Input | staggered MLDC converter are provided in Table 1.

Table 1

v . L
| Parameters of the proposed simulation circuit.

| AC-DC Converter

Parameter | Value

l Input DC voltage | 12V

Switching frequency | 20 kHz
Load resistance | 600 Q

| DC Link Voltage regulation I

i Inductor | 200 uH
Multilevel Bidirectional DC- Attention MGCN Output capacitor | 10 uF .
DC converter le— Power flow | Bidirectional (charge & discharge)
Simulation platform | MATLAB/Simulink

v | MEPO |

| PMD | The output inductor has an inductance value of 200 pH,

and the converter's input voltage is set to 12 V. The output
capacitor capacitance is 10 pH, and the output load
resistance is set to 600 Q. The switching frequency used in
the simulation is 20 kHz. The capabilities of the modeling
4. RESULT AND DISCUSSION software and the specifications of the proposed charging

The simulation results of the MEPO-MGN? are presented ~ System were taken into consideration when choosing these

in this study. MATLAB Simulink is used for the simulation. ~Parameters.
Details of the reproduction circuit used to test the proposed

VLLrms

Fig 3. — Control block of the proposed model.
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Fig. 4 — Simulation circuit design of the proposed MLDC converter.

Figure 4 represents the Simulation circuit design of the the output of AMGCN. The appropriate signals are produced by
proposed MLDC converter. Three H-bridges are in series the gate driver circuit to operate the switches. The PMD has
connection to comprise the circuit. Two diodes (D1 and D2)  some control over the result V and I to provide the appropriate
and four switches (S1-S4) make up an H-bridge. A pulse charging V and / by altering the obligation pattern of the switch
width modulation (PWM) signal from a controller powers a0 Vi Vi
the switches. The left and right H-bridges are connected to -
the load and the battery, respectively, while the middle H-
bridge is attached to the DC source.
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Figure 5 shows the PWM level shift using AMGCN. The
output voltage and current are controlled by the a, the
switches, and are adjusted using AMGCN. Training is
performed using simulation data to obtain the optimal
management of the bidirectional energy flow in the charging
system. The duty cycle is sent to the gate driver circuit, which is iif)
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Fig. 6 — Characteristic results of MLDC (i), (ii) voltage waveform over
time, (iii), (iv) Voltage response of the system over time.

The findings of the suggested staggered MLDC converter
are displayed in Fig. 6. The arm voltages are dealt with in
Fig. (i) and (ii), where (ii) provides a more comprehensive
view of (i) to clearly display the voltage waveforms. The
pole voltage is similarly shown in subfigures (iii) and (iv),
where (iv) is an enlarged version of (iii). These charts were
produced by simulation with MATLAB Simulink and the
suggested simulation circuit.

Hardware implementation:

Figure 7 represents the hardware implementation of the
proposed. It consists of various components to ensure
efficient power management and control. A DC-DC
converter is used to regulate the supply voltage and to ensure
stable operation. Measurement tools such as an oscilloscope
(Keysight Infinii Vision DSOX1202A, Digital), digital
multimeter, and clamp meter (AC/DC, High current range)
are employed to monitor voltage, current, and waveform
characteristics during testing. The entire system is tested
using a load tester to ensure reliability.

' Oscilloscope

~ Resistive load

Fig. 7 — Hardware implementation of the proposed MEPO-MGN?: i) power
system testing ii) power management system setup.

4.1 COMPARATIVE ANALYSIS:

The performance of the suggested MLDC converter is
contrasted in this section with that of the current converters,
such as MMC, MMDC, and MBTR. All comparative results
in the manuscript are obtained under identical electrical and
operating conditions, and the reported improvements are
supported by numerical ripple, efficiency, computational,
and transient response metrics.

Figure 8 demonstrated that, for higher input voltages, the
proposed converter (MLDC) design was able to produce reduced
current ripple values when compared to the existing converter
such as MMC, MMDC, and MBTR, respectively. MMC,

MMDC, MBTR, and MLDC (pro) produce approximately
40A,62A,5.0A,and 3.5 A ripple, respectively, whereas at the
tenth point these reduce to about 1.4 A (MMC), 2.8 A (MMDC),
2.0 A (MBTR), and only 0.8 A for the proposed MLDC.

—+— MMC
—s— MMDC
—a— MBTR
5 —=— MLDC (PROP)

Current ripple (I_WAL) (A)

2 4 6 8 10
Fig. 8 — Current ripple result comparison of existing and proposed converter.
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Fig. 9 — Efficiency comparison for different DC-DC converters

Figure 9 represents the efficacy comparison of the proposed and
existing converters. The efficiency bar chart shows that the
proposed MLDC consistently achieves the highest efficiency
across the entire output power range from 250 W to 2000 W. At
250 W, MMC, MMDC, MBTR, and MLDC exhibit
approximately 78%, 82%, 85%, and 89% efficiency, respectively,
indicating an initial gain of about 7% over MBTR and nearly 11%
over MMC. At 1000 W, the efficiencies rise to roughly 91%
(MMC), 93% (MMDC), 94% (MBTR), and 96% (MLDC),
meaning the proposed MLDC is about 2—5% more efficient than
the existing converters. At the rated power of 2000 W, MLDC
reaches about 98.5%, whereas MBTR, MMDC, and MMC are
around 95%, 94%, and 93%, respectively, giving the proposed
design a 3.5-5.5% absolute efficiency advantage and confirming
that it delivers superior energy conversion performance, especially
under high-load fast-charging conditions.

Table 2
Computational overhead analysis of the proposed MEPO-MGN? method.
Method Eﬁigl(ns% }Fﬁ;?g;e Memory Requirement (MB)
Proposed
MEPO- 0.9 0.7 2.1
MGN?
LSTM 1.5 1.1 35
RNN 2.1 1.9 4.7
CNN 2.8 2.4 72
DNN 3.2 2.6 8.5

Table 2 quantitatively shows that the proposed MEPO-
MGN? method has the lowest computational overhead among
all compared learning models. Specifically, MEPO-MGN?
requires only 0.9 s for training and 0.7 s for inference, which is
40% faster than LSTM, 57% faster than RNN, 68% faster than
CNN, and 72% faster than DNN in terms of training time.
Similarly, its inference time is reduced by 36%, 63%, 71%, and
73%, respectively, compared to LSTM, RNN, CNN, and DNN.
In addition, the memory requirement of MEPO-MGN? is only
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2.1 MB, which is 40% lower than LSTM, 55% lower than RNN,
71% lower than CNN, and 75% lower than DNN. These
numerical results clearly demonstrate that MEPO-MGN?
achieves superior computational efficiency while maintaining
low memory usage, making it highly suitable for real-time EV
charging control applications.

Table 3
Transient response of controllers under different sudden load changes.
Method Sudden Load | Settling Peak Voltage
Change Time (ms) Overshoot (%) | Dip (%)
MMC 20% 31.8 6.4 5.1
40% 45.6 9.2 7.8
MMDC 20% 26.4 5.1 4.2
40% 38.9 7.3 6.0
MBTR 20% 21.2 43 3.5
40% 325 6.1 5.0
Proposed 20% 11.8 1.9 1.4
MEPO- 40% 17.6 2.8 22
MGN?

Table 3 quantitatively demonstrates that the proposed
MEPO-MGN?  controller  exhibits  superior transient
performance under different sudden load changes. For a 20%
load increase, MEPO-MGN? achieves a settling time of only
11.8 ms, which is 44% faster than MBTR (21.2 ms), 55% faster
than MMDC (26.4 ms), and 63% faster than MMC (31.8 ms).
Its peak overshoot of 1.9% is reduced by 56%, 63%, and 70%
compared to MBTR, MMDC, and MMC, respectively, while
the voltage dip is limited to 1.4%, far lower than the 3.5-5.1%
range of conventional controllers. Under a more severe 40%
load disturbance, MEPO-MGN? still settles within 17.6 ms,
which is 46% faster than MBTR, 55% faster than MMDC, and
61% faster than MMC, while maintaining a low overshoot of
2.8% and voltage dip of 2.2%, compared to up to 9.2%
overshoot and 7.8% voltage dip in MMC. These numerical
results confirm that MEPO-MGN? provides faster recovery,
better damping, and stronger robustness under dynamic load
variations than all benchmark controllers.

5. CONCLUSION

In this research, an MLDC converter using a modified Emperor
penguin optimized multi-graph neural network (MEPO-MGN?)
has been proposed. The power delivered by the grid is changed to
DC by means AC-DC converter. This DC voltage is then
processed by an MLDC converter, allowing efficient power
conversion and bidirectional energy flow, meaning the system can
both charge and discharge energy as needed. The proposed
method utilizes an attention multi-graph convolution network
(AMGCN) for the optimal prediction of the duty cycle, and MEPO
optimization is employed to tune the parameters of the MLDC
converter. Finally, personal mobility devices are charged with a
well-regulated DC output voltage. The MEPO-MGN? technique
thus reduces the charging ripple current to a minimal value,
thereby increasing the efficiency. The efficacy of the proposed
method is 98.5%, which surpasses the other existing converter
techniques. It shows an efficiency improvement of around 18-22%
and ripple current average reduction from 16.1% to 47.5%, which
is very high when compared to the existing converters. Future
research in EV charging stations will focus on improving
efficiency and reducing carbon footprints by integrating EV fleets,
wireless charging, and WBG-based high-power converters.
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