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Abstract—Fuel cells are emerging as a clean and efficient power source for electric vehicles (EV). But,
due to their nonlinear characteristic nature, they are failed to maintain maximum efficiency. Standard
MPPT algorithms often converge slowly and f luctuate around the maximum power point, which low-
ers overall energy use. To address these problems, this study proposes a modified long short-term
memory (MLSTM) based controller for maximum power point tracking. This method uses predictive
learning to estimate the maximum power point accurately and create adaptive control signals for the
DC–DC converter. This ensures stable fuel cell operation and effective power delivery to the traction
system. Simulation results demonstrate that the proposed approach achieved a tracking time of 0.57 s,
THD of 9.66%, and efficiency of 99.25%, outperforming the conventional P&O method. The pro-
posed controller not only improves the overall energy efficiency of the fuel cell system but also extends
the driving range of the EV with renewable energy sources in hybrid vehicle architectures. This topol-
ogy provides a promising solution to fuel cell based EV in terms of enhanced sustainability and effi-
ciency.
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1. INTRODUCTION
The early period of modern energy systems has utilized fossil fuels as the main energy source for various

applications, like power generation and transportation [1, 2]. However, the rising demand for energy and
greenhouse gas (GHG) emissions have grazed the search for cleaner and more sustainable energy source.
Fuel cells have emerged as a promising solution to this issue. Unlike traditional internal combustion
engines (ICEs), it provides higher efficiency and energy conversion with zero-emission., as the fuel cells
generate electricity through an electrochemical reaction, it releases only water and heat as their byprod-
ucts. The International Energy Agency (IEA) states that the fuel cells, can play a major role in emission
elimination particularly in transportation and power generation based systems. Figure 1 depicts the market
proportionality of fuel cell based EVs.

Fuel cell electric vehicles (FCEVs) have gained significant attention as an alternative to battery electric
vehicles (BEVs) and traditional ICE vehicles due to their fast refueling times and longer driving ranges.
The FC utilized for reliable and clean power generation in turn reduces the dependence on fossil fuels. At
the same time, they can adjust to different environmental conditions which makes them a superior sus-
tainable energy source.

Similar to solar photovoltaic (PV) systems, fuel cells exhibit nonlinear current–voltag (I–V) charac-
teristics, which denotes their power output varies based on operating conditions such as load demand, fuel
supply and temperature. To maximize efficiency and energy extraction, maximum power point tracking
(MPPT) techniques are employed to ensure the fuel cell operates at its optimal power point under chang-
ing conditions.

Over the years, MPPT topologies have moved on to artificial intelligence from basic empirical meth-
ods. Recent advances in artificial intelligence have introduced intelligent MPPT techniques, including
ANN, fuzzy logic, and metaheuristic algorithms, which improve adaptability but face challenges such as
heavy computational requirements and implementation complexity. Motivated by these limitations, this
1
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Fig. 1. Market for fuel cell based EV’s. 
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research presents a novel modified long short-term memory (MLSTM) based mppt controller for FCEVs,
addressing key challenges in efficiency, stability, and real-time adaptability.

Thus, key research contributions includes:
• Development of an intelligent MPPT approach utilizing MLSTM neural networks to accurately pre-

dict and track MPP of the fuel cell under dynamic operating conditions.
• Ensures optimal power extraction with reduced oscillations in voltage and current that typically

occur in traditional MPPT techniques.
• Improves energy efficiency by dynamically adjusting the operating point based on real-time environ-

mental and load conditions.
• Establishing the proposed method as a promising solution for EVs and hybrid renewable vehicle

architecture.

2. RELATED WORKS

For the growing energy demand, Renewable power systems offer greater economic benefits compared
to non-renewable energy sources. However, they exhibit stochastic behavior under varying peak load
demand conditions. Additionally, factors such as energy storage limitations and battery size play a crucial
role in establishing high-capacity renewable power generation systems. As a result, many power generation
industries are shifting their focus toward hydrogen-based power systems [3].

The SOFS was formulated and analyzed under different water membrane conditions, where a ceramic
electrolyte was positioned between the cathode and anode to facilitate electrochemical oxidation. This
system offers several advantages, including high fuel f lexibility, lower operating costs, the ability to func-
tion at elevated temperatures of up to 1000°C and high stability. Additionally, it produces minimal harmful
gas emissions [4].

The molten carbonate fuel stack (MCFS) which operates at temperatures exceeding 600°C has been
proposed. In this system, a molten carbonate salt mixture functions as the electrolyte, while non-precious
metals serve as catalysts at both the cathode and anode. MCFS is known for its high efficiency, However,
its drawbacks include the requirement for a large installation space, a relatively short lifespan, and signif-
icant carbon dioxide emissions.

Direct methanol fuel cells (DMFC) which are appropriate for portable applications has been discussed
in [5–7]. However, DMFCs suffer from anode polarization, complex architecture and vulnerability to
poisoning of carbon monoxide.
AUTOMATION AND REMOTE CONTROL  Vol. 86  Nos. 1–4  2025
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To mitigate these existing limitations, a proton exchange membrane fuel stack (PEMFS) is tai-
lored to enhance the power delivery capacity with high operational efficiency. PEMFS offers several
advantages, including lightweight design, rapid start-up, compact size, high operating speed, and
excellent f lexibility.

However, due its nonlinear I–V characteristics, the maximum power extraction becomes a challenging
task. This challenge can be addressed through the implementation of MPPT controllers, which ensure
optimal energy extraction from the fuel stack. The existing literature indicates that MPPT controllers have
been developed using various approaches, including conventional, metaheuristic algorithms and AI net-
works [26]. Among conventional techniques, the P&O controller is most widely adopted, as it regulates
power output between the fuel cell and the load under all temperature conditions [9].

A controller utilizing an artificial neural network (ANN) to effectively track the MPP with minimal
oscillation, even under f luctuating temperature conditions has been proposed [10].

A strategy utilizing the salp swarm algorithm (SSA), for extracting the MPP from PEMFC has been
developed [11]. The deviation between the estimated MPP voltage and the actual terminal voltage of the
fuel cell is supplied to a PID controller, whose output adjusts the duty cycle of a boost converter to maxi-
mize power extraction from the PEMFC. A second-order sliding mode control (SMC) method was
implemented for MPPT, while fuel cell pressure regulation was achieved using the super twisting algo-
rithm (STA). The results demonstrated the effectiveness of the proposed control scheme, achieving an
85% reduction in oscillations. Furthermore, a hybrid PV–fuel cell system was modeled and simulated to
evaluate its performance [12].

The enhanced slider MPPT technique has been developed for hybrid EV drive applications. It offers
fast system response with reduced dependence on fuel cell operation. On the other hand, it caused high
oscillations around MPP during dynamic temperature variations [13].

A control strategy of combined artificial bee colony (ABC) with fuzzy control (ABC-Fuzzy) has been
introduced for PEMFC. It effectively maximized the output power, contributing significantly improve-
ment in efficiency and extending its operational lifespan [14].

While the discussed MPPT strategies enhance efficiency, they also have limitations [15, 16].
ANN-based controllers require extensive training data and computational resources, making real-time
implementation challenging. SSA and ABC-Fuzzy algorithms improve global optimization but may suffer
from slow convergence and parameter tuning difficulties. The SMC-STA approach reduces chattering but
increases implementation complexity. High oscillations around MPP under dynamic conditions remain a
concern, impacting overall stability and efficiency.

To overcome this difficulties, the proposed work introduced a modified LSTM which can offer signif-
icant advantages over traditional MPPT techniques by efficiently capturing long-term dependencies in
fuel cell power variations, leading to more accurate predictions.

Next to MPPT design, controller plays a vital role. The f lyback converter applicable for both AC-DC
and DC-DC power conversion has been formulated for FC. The key advantages of this converter include
high energy storage, reduced noise, compact design and an efficient transient response [15]. However, its
drawbacks include lower operational efficiency and substantial heat generation.

The push-pull power converter has been employed in hybrid PV/PEMFC power distribution networks
to minimize switching losses and ensure a stable supply current [16]. However, it exhibits increased design
complexity, while designing transformer for higher switching voltage.

To overcome the limitations of the half-bridge converter, a full-bridge isolated converter was employed
to minimize output current ripples [17]. This converter offers advantages such as high efficiency, the ability
to handle higher input voltage, reduced voltage stress and a lower requirement for passive components.
However, its implementation comes with a high cost. Table 1 summarizes a some of the type of FC, MPPT
topology and converters utilized in FC based EV.

From Table 1, it is inferred that the existing MPPT methods such as fuzzy logic, ANN, and hybrid AI
improve tracking but still face challenges like slow convergence, high complexity, and limited adaptability.
These drawbacks reduce stability and efficiency of fuel cell in EVs. This motivates the present study, which
proposes a MLSTM based controller to address these gaps.

3. METHODOLOGY
Figure 2 illustrates a fuel cell electric vehicle (FCEV) drivetrain powered by a proton exchange mem-

brane fuel cell (PEMFC).
AUTOMATION AND REMOTE CONTROL  Vol. 86  Nos. 1–4  2025
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Table 1. Summary MPPT controllers and their limitations summary of MPPT FC based EVs

Reference Hybrid 
technology/system

MPPT/AI 
approach (controller)

Key features 
and innovations Main drawbacks

[18] PV/Wind/Fuel Cell 
Hybrid

Fuzzy Logic Control-
ler-Based MPPT

Fuzzy logic MPPT for 
dynamic hybrid system

Fuzzy control parameter tun-
ing is challenging; real-time 
adaptability may lag in extreme 
variations

[19] PEMFS Hybrid Bond Graph 
and Fuzzy Logic 
MPPT

Hybrid bond graph 
and fuzzy logic 
MPPT, experimental 
validation

Increased algorithm complex-
ity; requires accurate modeling 
and may need significant com-
putational resources

[20] Fuel Cell Various AI and Hybrid 
MPPT Methods

New hybrid MPPTs 
using AI for improved 
tracking and effi-
ciency

May suffer from convergence 
issues and overfitting in AI 
models; Robustness to all 
operating ranges not always 
validated

[21] PEMFS Fuzzy Logic Control-
ler-Based MPPT

Combines fuzzy con-
trol with multi-level 
boost for robust track-
ing and voltage regu-
lation

Three-level topology can be 
more expensive; fuzzy rules 
need careful adaptation for dif-
ferent stacks

[22] PV-Fuel Cell (Grid-
Tied)

AI-Based MPPT Grid integration with 
AI MPPT methods 
and converter perfor-
mance analysis

Large systems can suffer from 
increased computational 
demand; grid synchronization 
added complexity unless 
designed properly

[23] PEM Fuel Cell ANFIS + Modified 
Manta Ray Algorithm 
(hybrid MPPT)

ANFIS-based MPPT 
with evolutionary 
optimization for high 
accuracy and fast 
response

ANFIS training requires sub-
stantial data; optimization 
methods may require retuning 
for different hardware
The MPPT controller optimizes power extraction by adjusting voltage and current to ensure maximum
efficiency. A high gain boost converter steps up the fuel cell output voltage to a suitable level of a
3φ inverter, which converts DC to AC for driving the BLDC motor. The motor control unit receives
Hall sensor FC signals and current feedback to regulate speed and torque efficiently. This system
enables efficient energy conversion, ensuring smooth vehicle operation with enhanced fuel cell utili-
zation.

3.1. PEMFC

A PEMFC is an advanced electrochemical energy conversion device that efficiently generates electric-
ity using oxygen and hydrogen [24–26]. It is widely opted because of its high efficiency, quick start-up,
lower operating temperature and zero-emission characteristics.

The PEMFC shown in Fig. 3 produces an electricity using an electrochemical reaction between oxygen
and hydrogen, with water and heat as by products. The hydrogen molecules forms both protons and elec-
trons. These produced electrons is utilized for electrical power generation and the protons pass through
the PEM at the anode side. On the cathode side, both protons and electrons combine with oxygen and
forms water, which ensures a clean and effective energy conversion process.
AUTOMATION AND REMOTE CONTROL  Vol. 86  Nos. 1–4  2025
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Fig. 2. Proposed architecture. 
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3.2. Mathematical Model of PEMFC

The performance of a PEMFC can be expressed using mathematical equations related to its voltage,
power, and efficiency.

3.3. Fuel Cell Voltage Equation

The output voltage of a PEMFC is given by

(1)

where —open-circuit voltage; —Ohmic losses; —activation losses; —concentration losses.

= − − −FC 0ct oh  ac con,V E V V V

0ctE oh V acV conV
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Fig. 4. Architecture of RNN-LSTM.
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The open circuit voltage can be calculated as

(2)

3.4. MPPT Algorithm
MPPT is essential for FC to optimize their output power. Unlike PV systems, fuel cells exhibit nonlin-

ear characteristics due to variations in temperature, reactant f low rate, and load demand. Traditional
MPPT methods like P&O and Incremental Conductance (INC) suffer from slow convergence and insta-
bility under dynamic conditions [27, 28]. To address these challenges, a MLSTM based MPPT algorithm
is proposed. Unlike traditional MPPT methods, LSTM processes time-series data, reducing steady-state
oscillations and improving convergence speed [29–31]. It takes real-time inputs (voltage, current and
temperature) to find the optimal duty cycle of the converter. By learning from historical trends, it
enhances efficiency, minimizes power losses, and adapts to load variations. This approach significantly
improves fuel cell performance and lifespan by preventing excessive power f luctuations. Further, to
improve efficiency of LSTM, this work incorporated RNN with LSTM. By integrating LSTM with RNN,
we retain the sequential learning capability of RNN while improving long-term memory for tracking the
optimal fuel cell power point under varying conditions. Figure 4 shows the architecture of RNN-LSTM.

3.5. Working of RNN-LSTM
The given diagram in Fig. 4 represents a modified LSTM Cell, an advanced variation of the LSTM

architecture used for sequential data processing. The operation of these circuit can be explained using the
following equations:

(3)

(4)

(5)

(6)

(7)

(8)

Removing the tanh activation function from the h(t) equation, it improves the architecture’s accuracy
and significantly reduced the error rate.

New activation function called “LReLU-tanh” is utilized here.

( ) ( )− −= − − +
2 2

3 5
0ct Fcope H O FCope.1.29 0.8   298.12 4.3 logE e T e P P T

( ) ( )−= + +1 ,i xi t hi t ii t S W X W h b

( ) ( )−= + +  1 ,i xf t hf t ff t S W X W h b

( )−= + +1tanh ,xg t hg t gg W X W h b

( ) ( )−= + +1 ,i xo t ho t ot S W X W h b

( ) ( ) ( ) ( )= − ∗ + ∗1 ,s t S t f t i t g

( ) ( )( ) ( )= ∗tanh .h t s t o t
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The activation can be given as,

(9)

where,

(10)

After modification, the architecture become

(11)

(12)

(13)

(14)

(15)

(16)

where —input gate; —forget gate; —cell state; —hidden state; —output state; —sig-
moid function.

While designing MPPT algorithm, fitness function plays a vital role. In this work, an multiobjective
fitness function which optimizes the duty cycle of a DC-DC converter to ensure MPP from the fuel cell
is formulated. It combines three function namely, power maximization, duty cycle prediction and mini-
mizing LSTM prediction error. Thus, the formulated fitness function is

(17)

where α, β, γ—weight factors; PMPP—reference power; DkDk+1—previous and updated duty cycles;
ELSTM—error predicted by the LSTM model.

This approach enhances MPPT tracking by reducing oscillations, improving response time, and ensur-
ing efficient fuel cell operation. The integration of real-time optimization with LSTM-based learning
makes it superior to traditional MPPT techniques.

3.6. Algorithm of the Proposed MPPT

1. Initialize weights and biases,  and  = 0.

2. Acquire real-time fuel cell data.
3. X(t) = [V, I, P, T].
4. Split data for training and testing.
5. Compute forget gate using Eq. (4).
6. Input gate computation using Eq. (11).
7. Generates new memory updates using Eq. (13).
8. Update cell state using Eq. (15).
9. Compute output gate using Eq. (14).
10. Update hidden state using Eq. (16).
11. Compute instantaneous power.
12. Compute duty cycle error.
13. Compute hybrid fitness function using Eq. (17).

( ) ( )−= −
+ 2

2 1,
1 lrff x

e

( ) ( ) ( ) ( ) ( )= < α + ≥1 0 1 0 .lrf x x x x x

( ) ( )−= + +1 ,i xi t hi t ii t S W X W h b

( ) ( )= −1 ,f t i

( )−= + +1tanh ,xg t hg t gg W X W h b

( ) ( )−= + +1 ,i xo t ho t oo t S W X W h b

( ) ( ) ( ) ( )= − ∗ + ∗1 ,s t S t f t i t g

( ) ( ) ( )( )= ∗  ;lrh t f s t o t

( )i t ( )f t ( )s t ( )h t ( )o t iS

( ) ( ) + −= α − + β + γMPP 1 LSTM,
kk DF D P P D D E

( )s t ( )h t
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Table 2. The parameter configuration of RNN-LSTM

Topology Parameter

Number of LSTM Layers 3

Activation function Sigmoid

Optimizer Adam

Learning rate 0.001

Loss function Cross-entropy
14. Update LSTM weights using gradient descent.
15. Repeat until convergence occurs.
This modified LSTM-based MPPT algorithm with multiobjective optimization ensures faster, more

efficient, and stable power tracking for fuel cells.
The parameter configuration of RNN-LSTM is tabulated in Table 2.

3.7. Boost Converter (SEPIC Converter)
Fuel cells generate variable DC voltage, which can fluctuate based on load conditions and fuel avail-

ability. Since SEPIC can step up the input voltage while maintaining a regulated output, it ensures stable
power delivery to loads. Additionally, it provides continuous input current, reducing stress on the fuel cell
and minimizing ripple and EMI. Its low voltage stress on components also enhances efficiency and lifes-
pan, making it ideal for fuel cell-powered systems. So it is more suitable for FC applications compared to
traditional boost converters (Fig. 5).

The voltage gain of the circuit is represented in Eq. (18)

(18)

3.8. Voltage Source Inverter (VSI)
A VSI shown in Fig. 6 is commonly used to drive brushless DC (BLDC) motors, providing precise

control over motor speed and torque. The standard VSI topology for BLDC motors consists of a three-
phase inverter bridge with six switches, typically implemented using insulated gate bipolar transistors
(IGBTs) or MOSFETs. This configuration enables efficient electronic commutation by sequentially acti-
vating the switches based on rotor position feedback, often obtained from Hall sensors.

3.9. BLDC Motor
Brushless DC (BLDC) motors (depicted in Fig. 7) are integral to electric vehicles (EVs) due to their

high efficiency, converting up to 96.5% of electrical energy into mechanical energy, thereby extending
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Fig. 5. SEPIC converter. 
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Fig. 6. VSI for BLDC motor. 
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driving range. Their quiet operation enhances passenger comfort by reducing noise and vibration. The
absence of brushes minimizes mechanical wear, leading to lower maintenance needs and increased reli-
ability. Additionally, BLDC motors’ precise speed and torque control contribute to the responsive perfor-
mance of EVs. These attributes make BLDC motors a preferred choice in the advancement of electric
mobility [32–34].

It operates on the principle of electronic commutation, eliminating the need for mechanical brushes.
It consists of a stator with electromagnets and a rotor with permanent magnets. An electronic controller
sequentially energizes the stator windings based on the rotor’s position, creating a rotating magnetic field
that interacts with the rotor’s magnetic field, producing torque and causing rotation. This method reduces
friction and wear, enhancing efficiency and extending the motor’s lifespan. Precise control of the stator’s
magnetic field allows for accurate speed and torque regulation, making BLDC motors suitable for appli-
cations requiring high performance and reliability. Controlling a three-phase inverter is essential for the
efficient operation of BLDC motors is incorporated using SPWM which aims to generate a smooth sinu-
soidal current by modulating the width of the voltage pulses supplied to the motor. By adjusting the duty
cycle of these pulses, the inverter can produce a more continuous and smooth rotation, reducing torque
ripple and electromagnetic interference.

4. RESULTS AND DISCUSSION
In recent years, integrating fuel cells with BLDC motors has emerged as a promising approach to devel-

oping efficient and sustainable EV. Fuel cells, especially PEMFCs, offer high energy density and zero
AUTOMATION AND REMOTE CONTROL  Vol. 86  Nos. 1–4  2025
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emissions, making them ideal candidates for clean energy applications. When combined with BLDC
motors, the resulting system can significantly enhance the performance of EV’s.

This section delves into the outcomes of implementing a fuel cell-powered BLDC motor drive system.
The insights gained from this analysis aim to highlight the potential benefits and address the challenges
associated with adopting fuel cell-based propulsion systems in modern EV’s. Table 3 depicts the design
parameters of the proposed fuel cell system.

4.1. Performance Analysis
The performance analysis of a FC with MPPT controller is analyzed under two different cases.
Case 1. Under normal operating condition.
Case 2. Variation in pressure.
Case 1. Under normal operating condition (under the ideal pressure range).
In order to analyze the effectiveness of the proposed MPPT algorithm, the proposed system is exam-

ined using two algorithms, traditional P&O and proposed RNN-LSTM algorithm. Figure 8 depicts the
performance of P&O algorithm.
Fig. 8. Performance of P&O algorithm. 
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Figure 8a represents P&O MPPT tracking for a fuel cell system. Initially, the voltage decreases,
while the current increases, indicating the system’s attempt to track the MPP. The power output rises
steadily, showing that the algorithm successfully adjusts the operating point to extract maximum
power. The stabilization of voltage, current, and power after 2 s suggests that the P&O algorithm has
effectively converged to the MPP. Figure 8b shows the DC bus voltage. Figure 8c depicts speed and
torque of the BLDC motor.

Figure 9a represents RNN-LSTM based MPPT tracking for a fuel cell system. The fuel cell system
exhibits a transient response at the start, followed by stable operation. The voltage initially f luctuates but
Fig. 8. (Contd.)
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Table 3. Design parameters of the proposed fuel cell system

Constraints Values

Selected power of the fuel stack 2 kW
Oxygen pressure in partial condition 1.00 bar
Hydrogen pressure at the partial condition 1.500 bar
Overall utilized fuel cells (N) 65.0
Voltage of fuel cell stack at open circuit state 65 V
Voltage of fuel cell at peak power point (VMPP) 45.0 V
Current of the fuel cell at peak power point (IMPP) 133.33 A
Basic air passing rate (Ipm) 506.40
Constant value of gasses (R) 84.092, J mol–1 K–1

Constant of faraday (F) 95 432.218, C mol–1

Composition levels of fuel cell 99.95%
The consumption level of oxygen 59.3%
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Fig. 9. Performance of RNN-LSTM algorithm. 
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settles quickly, indicating effective regulation. The current and power rise sharply before reaching a
steady-state, suggesting efficient power tracking. Overall, the system achieves stable power generation
with minimal oscillations after the initial transient phase. Figure 9b indicates the dc bus voltage which
quickly stabilizes around 54 V, indicating effective voltage regulation. From Fig. 9c, it is observed that the
electromagnetic torque initially experiences a sharp peak and then stabilizes at around 2.5 N m. This indi-
cates a transient response at startup, followed by a steady-state operation. The system effectively regulates
torque, minimizing f luctuations after the initial surge. This behavior suggests efficient motor control with
rapid stabilization.
AUTOMATION AND REMOTE CONTROL  Vol. 86  Nos. 1–4  2025



PERFORMANCE ENHANCEMENT OF FUEL CELL TOWARDS SUSTAINABLE 13
Fig. 9. (Contd.)
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Case 2. Variation in pressure. 

A step change in fuel cell pressure is introduced in MATLAB to observe its variations after 4 s.

From Figs. 10 and 11, it is observed that P&O illustrate the variations in fuel cell voltage, current, and
power over time. The voltage exhibits a gradual decline and the current steadily rises, indicating an
increasing power requirement, with a noticeable dip around 4 s, due to a step change in fuel cell pressure.
Similarly, the power output follows an increasing trend but experiences a transient drop at the same time
as the current dip, before stabilizing. This system eventually stabilizes, indicating its ability to recover from
disturbances. Whereas in case of RNN-LSTM, the voltage remains relatively stable with minor f luctua-
tions, suggesting steady operation. Thus, P&O takes some more time to stabilize its tracking, whereas
RNN-LSTM exhibits more stable operation with improved regulation. The transient effects are mini-
mized, ensuring smoother performance. Hence, it can be concluded that the proposed RNN-LSTM
based MPPT exhibits higher stability.

4.2. Power Quality Analysis

Figure 12 shows total harmonic distortion (THD) analysis for a BLDC motor drive. A lower THD
value, as seen in (b) compared to (a), indicates improved power quality and reduced torque ripple
in BLDC motors. High THD can lead to excessive motor heating, increased losses, and acoustic noise.
In contrast, the lower THD of 9.66% in RNN-LSTM suggests better motor performance, smoother oper-
ation, and higher efficiency.
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Fig. 10. Performance of P&O algorithm. 
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Fig. 11. Performance of RNN-LSTM algorithm. 
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Fig. 12. THD analysis (a) system with P&O (b) RNN-LSTM MPPT. 
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Fig. 13. Performance analysis of control algorithms: (a) tracking time, s, and (b) efficiency, %. 
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4.3. Comparative Analysis

From Table 4 and Fig. 13, it is observed that the P&O method tracks the MPP in 2 s with an efficiency
of 97.52%, whereas RNN-LSTM achieved 99.25% efficiency, an improvement of 1.73% over P&O, while
reducing tracking time by 71.5%. This indicates that RNN-LSTM achieved faster convergence and higher
efficiency compared to P&O at dynamic conditions. The improved tracking speed ensures minimal power
loss, making it more suitable for real-time applications. Overall, RNN-LSTM proves to be a more effi-
cient and responsive MPPT technique.
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Table 4. Comparison of performance of control algorithms

Techniques Tracking time (s) Efficiency (%)

P&O 2 97.52
RNN-LSTM 0.57 99.25
5. CONCLUSIONS
This study proposed a modified LSTM-based MPPT controller for fuel-cell electric vehicle applica-

tions. Comparative evaluation with the conventional P&O algorithm demonstrated that the modified
LSTM achieved faster convergence (0.57 s), higher efficiency (99.25%), and reduced oscillations com-
pared to P&O. The controller also improved power quality, with a lower THD of 9.66%, ensuring
smoother BLDC motor performance. These results confirm that the proposed approach enhances stabil-
ity, efficiency, and energy utilization in fuel-cell systems, facilitating their integration into electric and
hybrid vehicle architectures. Further research may focus on real-time hardware implementation of the
controller, extending its application to larger hybrid renewable systems, and optimizing the algorithm for
reduced computational demand in embedded platforms.
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