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ABSTRACT: This paper presents a deep learning-assisted fractional-order PID controller for a bidirectional DC-DC
converter used in electric vehicle charging and discharging. The converter operates in buck mode during grid-to-vehicle
operation and in boost mode during vehicle-to-grid operation. A deep neural network adaptively tunes the controller
parameters to improve dynamic response under load and state-of-charge variation. The proposed DL-FOPID controller
is evaluated against PID, FOPID, Type-2 fuzzy PID, and ANFIS controllers under identical simulation conditions.
Performance is assessed in MATLAB/Simulink under step-load disturbances, mode transitions, load variation from 5
to 25 Q, SOC variation from 100% to 20%, and multi-level charging and discharging between 10 to 30 A and -5 to —25 A.
Results show up to 35% faster settling time, voltage deviation below 0.5 V, and lower overshoot and total harmonic
distortion compared with the other controllers. The controller also demonstrates improved current tracking across all
tested scenarios. Peak efliciency reaches 99% in simulation under optimal loading conditions. These results indicate
that the DL-FOPID controller provides stable and robust performance for bidirectional DC-DC converter applications
in electric vehicle power systems.

KEYWORDS: Deep learning; fractional-order PID; bidirectional DC-DC converter; electric vehicles; G2V; V2G;
intelligent control

1 Introduction

As electric vehicles (EV's) have become more prevalent, there is an increasing need for efficient, reliable,
and adaptable approaches to managing energy use [1]. Bidirectional DC-DC converters are necessary
in these systems for vehicle-to-grid (V2G) discharging and grid-to-vehicle (G2V) charging [2]. Energy
efficiency and reliability depend on maintaining a constant output voltage and current in the system through
varying loads and battery status changes [3]. PID controllers have typically been used in power electronics
control for their simplicity and proven effectiveness [4]. However, because of their fixed gains, PID devices
cannot fully compensate for plant nonlinearities, parameter variations, and disturbances that are typical in
the rapidly changing “vehicle to grid” environment [5]. FOPID devices have been suggested as a potential
solution to some of these issues using fractional calculus from the PID framework [6]. Despite the better
transient response and disturbance rejection offered by FOPID compared to classical PID, fast dynamic
variations taking place within current EV powertrains may still be beyond their resolution capacity [7].
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Adaptive intelligent controllers such as the Type-2 Fuzzy PID and ANFIS-based FOPID have also
been investigated to increase adaptability in uncertain and nonlinear conditions [8]. These techniques
have been shown to have good robustness and performance; yet, they all demand huge amounts of oftline
tuning and validity in terms of computation time, which limits their real-time adaptability [9]. These
developments notwithstanding, there remains a gap between real-time adaptive control and the provision of
fast transient response, low steady-state error, and strong disturbance rejection in bidirectional converters
for EV applications [10].

The PID control scheme has been widely used in DC-DC converters since it presents the advantage
of simplicity and ease of implementation [11]. While useful under steady conditions, the PID control is less
adequate with variable load and nonlinear dynamics, resulting in overshoot and increased settling time or
even disturbance rejection [12]. Depending on fractional orders of differentiation and integration, Fractional-
Order PID (FOPID) controllers are beyond the objective of classic PID design, with further tuning and thus
better dynamic performance [13]. Literature states that FOPID controllers help reduce the overshoot and
settling time and provide robustness compared with conventional PID controllers [14].

Both uncertainties and nonlinearities have been tackled using Type-2 fuzzy logic controllers in DC-
DC converters [15]. Using fuzzy membership functions with adaptive rules, Type-2 fuzzy PID controllers
perform better than fixed-parameter controllers, particularly when disturbances and parameter variations
exist [16]. Adaptive Neuro-Fuzzy Inference System (ANFIS) controllers combine neural networks with fuzzy
logic to enable online tuning of controller parameters [17]. ANFIS-based fractional PID controllers have
demonstrated better transient response and robustness than conventional and fuzzy PID controllers [18].
Nevertheless, they often require offline training and may not adapt quickly enough to rapidly changing load
or battery conditions [19].

While conventional PID, FOPID, Type-2 fuzzy PID, and ANFIS controllers improve performance, none
provide fully real-time adaptive control that dynamically tunes fractional PID parameters under rapidly
changing load and battery conditions [20]. This motivates the development of a novel, deep learning-
enhanced FOPID controller. To address the identified gap, this paper proposes a Deep Learning-Enhanced
Fractional PID (DL-FOPID) controller for bidirectional DC-DC converters in EV applications [21]. The
primary contributions are

« Development of the DL-FOPID Controller: Proposes a DL-FOPID controller where a deep neural
network adapts Kp, Ki, Kd, A, and p online. No offline tuning or fixed nonlinear structure [22].

o Comparative Performance Assessment: Builds a unified evaluation framework. All controllers run
under identical profiles, including SOC from 100 to 20, load from 5 to 25 2, multi-level charging and
discharging, and bidirectional mode transitions [23].

o Use of Objective Metrics to Evaluate Performance: Achieves voltage deviation below 0.5 V and settling
time near 5 ms under severe operating changes. Shows stronger performance than PID, FOPID, Type-2
fuzzy, and ANFIS under the same tests [24].

o Validation through Simulation: Simulation results in MATLAB/Simulink show that the DL-FOPID
controller achieves better voltage regulation, stronger stability, and higher efficiency than the compared
controllers under the tested conditions [25].

This research contributes significantly to our understanding of the differences between various tuning
techniques by applying a systematic and comparative evaluation methodology using a single operational
framework and discussing the use of an additional automated or adaptive mechanism to assist with
development/tuning or fulfillment as opposed to proposing yet another converter topography [26].
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Over the past few years, there has been an increase in research activity regarding how learning-
based and data-driven methods can be utilized for controlling power electronic converters [27]. The
application of deep learning techniques to model and control has been shown to have the ability to adapt
to nonlinear and uncertain conditions [28]. Similarly, the application of reinforcement learning or adaptive
learning controllers has been shown to improve reliability and support online tuning in power converter
applications [29]. While several reviews of the literature have documented an increasing trend in using Al-
assisted controller architectures in contemporary power electronics [30], the use of an FOPID controller in
conjunction with adaptive learning has been employed for a DC-DC converter used in electric vehicles; this
demonstrates that when combining learning mechanisms with fractional-order control, improved adaptabil-
ity and performance can be achieved [31]. Furthermore, many controller designs developed in recent times
are based on a fixed nonlinear mapping or structure that only improves performance within limited operating
range conditions [32]. On the other hand, the DL-FOPID proposed in this paper does not use a fixed
nonlinear mapping; instead, it performs continuous online learning of the relationship between the states
of the system and all controller parameters across a larger range of operating conditions [33]. Additionally,
recent work has been conducted to investigate gain tuning of PID controllers using optimization techniques
and model free approach to control DC-DC converters for disturbance rejection and adaptivity [34].
However, many of these approaches adapt only partial parameters or require complex offline tuning. The
present study addresses this gap by enabling online adaptive tuning of all five FOPID parameters within a
unified operational framework [35-37].

The present paper is organized in the following way: Section 2 deals with the control-related system
modeling and problem statement. Section 3 is devoted to classical and intelligent control schemes. The
designed DL-FOPID controller and its deep learning-based tuning technique are discussed in Section 4.
The simulation results are presented in Section 5, and finally, the paper is concluded in Section 6 with some
insights and directions for future work.

2 System Modelling and Problem Formulation
2.1 Bidirectional DC-DC Converter Topology

The system in question is a non-isolated bidirectional DC-DC converter that allows both grid-to-vehicle
(G2V) charging and vehicle-to-grid (V2G) discharging. The converter is made up of one inductor L, two
active switches S1 and S2, and a filter capacitor C. The electrical and design parameters of the bidirectional
DC-DC converter are listed in Table 1. In the case of G2V, the converter is working in buck mode to control
the current, and when in V2G, it switches to boost mode to let the power flow back to the grid.

Table 1: Bidirectional DC-DC converter circuit parameters [35].

Parameter Value Unit
Input voltage (Vin) 400 A%
Output voltage (Vout) 48 \%
Inductor (L) 500 uH
Capacitor (C) 470 uF
Switching frequency ( f,) 50 kHz
Duty cycle (D) 0-1 -
Nominal load resistance (Ry) 10 Q
Power rating (Prated) 1.5 kw
Efficiency (1) 99 %

(Continued)
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Table 1 (continued)

Parameter Value Unit
Battery SOC range 20-100 %
Input current (I;,) 4 A
Output current (Ipy) 30 A
Inductor ESR (1) 0.05 Q
Capacitor ESR (R¢) 0.02 Q
Control Objective

The precise regulation of output voltage/current is the main goal, besides the high energy efficiency and
the low harmonic distortion. Moreover, the controller has to cope with different conditions of battery state-
of-charge (SOC), load variations, and grid reference current profiles so that the bidirectional power transfer
is uninterrupted.

2.2 Converter Mathematical Model

Let iy (t) denote the inductor current, v¢ (t) is the capacitor (output) voltage, and D (t) is the duty
cycle of the active switch in continuous conduction mode (CCM). The input voltage is represented by V;,,.
The converter uses a non-isolated bidirectional buck-boost DC-DC topology with one inductor, two active
switches, and one capacitor. It operates in buck mode for grid-to-vehicle charging and in boost mode for
vehicle-to-grid discharging, based on the direction of power flow. Modeling of its dynamics accurately is
required for designing a controller that can regulate voltage and current under changing loads and battery
state-of-charge (SOC) conditions. To compare different controllers, the MATLAB/Simulink versions of this
mathematical model, which are derived from the standard average models of non-isolated bidirectional
boosting and bucking converter circuits, were used to verify that the controllers were implemented correctly.
The mathematical model is derived from the standard averaged state-space model of the non-isolated
bidirectional buck-boost converter, consistent with the modeling approaches reported in references [9,35].

2.2.1 State Variables

Here, inductor current iy (t) and capacitor voltage v¢ (t) are considered as state variables governing
converter dynamics and control design.

Define the state vector as:

x(t)z[iL(t)], M

ve (1)

2.2.2 Buck Mode Dynamics (Charging Mode)

When operating in buck mode, the converter dynamics can be expressed as:

diil:t) :%(D(t) Vin =ve (8) = rLip (1)), B

dVC(t) _ 1{. Vc(t)
dt ) E (lL (t) - Rload )) (3)
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here, the inductor parasitic resistance (ry), capacitor ESR (R¢), and equivalent battery charging resistance
(Rioqq) all represent parasitic resistances included in a duty-cycle averaged model of a buck converter to
maintain regulatory compliance with respect to both the complete averaged converter dynamics and also to
apply to controller design at an appropriate level of control-oriented modelling consistency between full and
averaged converter dynamics.

State-space form:

% (t) = Apyckx (1) + Byyext (1), (4)
with
o 1 Vin
Apck = | Y L Bua=| L |u(t) =D (). (5)
C  RiouC 0

2.2.3 Boost Mode Dynamics (Discharging Mode)

For boost mode operation, the averaged converter dynamics including parasitic resistances are given

by:
dip, (t 1
B L (V- (- D () ve (1) iy (1)), ©
dt L
dvc (t) 1 . Ve (t)
=—=|1(1-D(t t)-—=1. 7
il CRE OO RS ey @)
The corresponding state-space representation is:
X (t) = Abovstx (t) + Bboostu (t) > (8)
where,
oo 1=b Vin
L L e
Aboost = 1-=D 1 ’Bboost = L (9)
C RigudC ’

The state matrices explicitly include the parasitic resistance in terms that depend on the duty cycle in
order to provide a good match between the averaged nonlinear model and the linear control-oriented model
used for controller design.

2.3 Control Problem Formulation

The control objective is to design an adaptive deep-learning-tuned fractional-order PID (DL-FOPID)
controller that:

«  Regulates v¢ (t) to track a reference vrcef (t) during charging/discharging.

o Minimizes the tracking error e (t) = vgef (t) —ve (2).

«  Ensures stable operation under SOC variation, step-load changes, and grid disturbances.

«  Minimizes integral of time-weighted absolute error (ITAE) and total harmonic distortion (THD).
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The DL-FOPID control law is expressed as:
u(t) =Kye(t)+ KD e(t) + KyD"e (1), (10)

where D™* and D¥ represent the fractional-order integral and derivative operators (0 < A, 4 < 1), respectively.
The deep neural network dynamically tunes (K 2 Ki, Kg, A, //l) to minimize the composite cost function:

T T
J=a [leldrsp [ 12D ytHD (1) ()

where empirical selection of weights «, 3, and y was done by going through an iterative process of
tuning them based on numerous runs of simulations to obtain the best combination for balancing fast
transient response times with minimal steady state voltage deviation and harmonic distortion. A variety
of combinations of the parameters were tested in the simulations, and the best set of weights produced
stable performance for all tests performed at all operating conditions, especially when considering loading
condition variation, SOC variation, and bi-directional flow of power. Use of empirical tuning like this is
a general practice and accepted by many researchers conducting research in multi-objective optimization
of controllers.

The overall block diagram of the proposed bidirectional DC-DC converter system is shown in Fig. 1,
operating in the buck mode for grid-to-vehicle charging (G2V) and the boost mode for vehicle-to-grid
discharging (V2G). The system consists of a non-isolated bidirectional buck-boost DC-DC converter with
one inductor, two active switches, and a filter capacitor, together with a PWM modulation block and a closed-
loop control structure. A comparison of the reference voltage, V.., with the measured output voltage, Vo,
continuously yields an error signal that is then input to a fractional-order PID (FOPID) controller. A DL-
based tuning procedure further minimizes overshoot, settling time, and disturbance rejection by adaptively
adjusting the controller gains. Fig. 2 elaborates on the control scheme, indicating that the DL module receives
the initial controller gains, processes system dynamics, and returns the optimized gains back to the FOPID
controller in real-time. Due to its behavioral structure, this control scheme has a higher adaptability under
load transients, SOC variation, and multi-level charging/discharging cases, so as to maintain high efficiency
with a robust voltage regulator and bidirectional power flow with no drop, as expected from next-generation
EV powertrains.

Input Bidirectional 5] Battery/
Source DC-DC Converter Load
N
Duty Cycle (D)
4
DL-FOPID
Controller
v 1 ——> ontroller
ref ' “ref (DNN-Based Tuning)

Figure 1: Block diagram of DL-FOPID-based bidirectional DC-DC converter.
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Figure 2: Control architecture of DL-FOPID-based bidirectional DC-DC converter.

3 Control Strategies for Bidirectional DC-DC Converters

Bidirectional DC-DC converters are the backbone of modern electric vehicle (EV) powertrains,
enabling grid-to-vehicle (G2V) charging and vehicle-to-grid (V2G) discharging with high efficiency, fast
dynamic response, and precise current regulation. The control strategy employed in these converters is
critical to supporting bi-directional power flow, low ripple current, and compliance with the grid code
standards under time-varying load and state of charge (SOC) conditions. In this section, the four primary
control strategies for bi-directional converters will be examined for their impact on converter dynamics, SOC
tracking, mode transition performance, and the total harmonic distortion (THD). These methods include
classical PID, fractional order PID (FOPID), Type-2 fuzzy PID, and ANFIS-based FOPID.

3.1 Conventional PID Control

Proportional + integral + derivative (PID) control has been the baseline solution for regulating converter
output voltage V,,; and inductor current i; in both buck (charging) and boost (discharging) modes. Its
control law is:

de(t)

u(t) = er(t)+K/ e(r)dr+K;——= 7

(12)
where e (t) = V,. ¢ — Vo is the regulation error. While PID controllers are easy to implement on embedded
digital controllers, their fixed gains are optimized for nominal converter parameters and fail to maintain tight
regulation when battery voltage varies across wide SOC ranges (100 — 20%) or when sudden load changes
occur. This leads to slow recovery during G2V/V2G transitions and increased current overshoot, degrading
battery life.
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3.2 Fractional-Order PID (FOPID) Control

To improve dynamic response, researchers extended PID to fractional calculus, yielding FOPID
controllers with additional tuning flexibility:

u(t) =Kye(t)+ KD e(t) + KyD"e (1), (13)

where D™* and D¥ represent fractional integration and differentiation operators of order A and y. In bidi-
rectional DC-DC converters, FOPID enhances voltage stability during current ramp-up/down in charging,
reducing steady-state error compared to PID. However, FOPID parameters [Kp, Ki, K4, A, [4] are usually
tuned offline using heuristic optimizers (e.g., PSO, GA), which do not adapt to real-time disturbances or
parameter drift caused by temperature variations and battery aging.

3.3 Type-2 Fuzzy PID for EV Powertrains

Type-2 fuzzy controllers have been employed to cope with uncertainties inherent in EV systems,
including nonlinear battery characteristics and fluctuating grid voltages. Their control law uses a fuzzy
inference system to adapt PID gains based on the instantaneous error and its derivative:

u(t):Zilw,-(t) (Kpie(t)+Kiife(t)dt+Kd,~ded(tt)), (14)

where w; (t) are type-2 membership firing strengths with footprint of uncertainty (FOU).

In bidirectional converters, this approach improves charging current smoothness and mitigates voltage
dips during heavy-load transients. However, type-2 fuzzy inference is computationally heavy, requiring
high sampling rates to remain effective, posing a challenge for real-time execution on low-cost automotive
microcontrollers.

3.4 ANFIS-FOPID Control

Adaptive Neuro-Fuzzy Inference System (ANFIS)-based FOPID controllers integrate neural learning
and fuzzy reasoning to auto-tune FOPID gains online, making them more resilient to load disturbances. The
parameter update law is typically:

[Kp» Ki» Ka» Ay pt] = faners (6,é,/ edt), (15)

where fanFrs is trained on representative converter operating data. ANFIS-FOPID shows better performance
in SOC tracking accuracy and reduced overshoot compared to static FOPID, but its convergence speed
is limited and depends heavily on the quality of the training data. If converter operating points differ
substantially from those that were used during the training phase (e.g., voltage sag, rapid grid), converter
performance will decrease.

3.5 Limitations of Existing Strategies

All of the above controllers share several similar limitations:

o  The PID/FOPID controllers are not adaptive and therefore do not perform well for wide ranges of SOC
or after aging of the components.

o The processing load incurred by Type-2 fuzzy and ANFIS-FOPID controllers increases the latency of
the control response at high switching frequencies.
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o  The offline tuning techniques employed do not allow for scalable operation and thus would not provide
an acceptable level of performance across all G2V/V2G operating points.

o The amount of Total Harmonic Distortion (THD) that occurs in fast transient events presents a
significant challenge in meeting grid compliance.

3.6 Motivation for Deep Learning-Based FOPID

The purpose of developing these types of controllers is to address these four challenges by creating a
DL-FOPID controller utilizing a deep-learning neural network (DNN), which adapts the parameters of the
controllers in real-time using converter state measurements [i L Ves Ve f]. The online tuning rule is given

by:

aﬁ( ref> out)

ek — k) _
%6

(16)
where © = [K 2 Kis Kg, A, y] and L is a voltage tracking loss function. This approach allows for continuous
adjustment to the controller parameters, minimization of overshoot, reduction of settling time, and reduction
of THD, even in the event of load disturbances or changes in the state of charge. Thus, it is an ideal controller
for use with next-generation V2G-capable electric vehicle (EV) powertrains.

4 Deep Learning FOPID Controller for Bidirectional DC-DC Converters

This section presents the Deep Learning based Fractional Order PID (DL-FOPID) controller, especially
designed for bidirectional DC-DC converters used in electric vehicles (EVs.), operating in both Grid-
to-Vehicle (G2V) charging and Vehicle-to-Grid (V2G) discharging modes. The converter must precisely
control the DC bus voltage during buck mode (battery charging) and boost mode (battery discharging),
while quickly responding to variations in battery state-of-charge (SOC), dynamic load changes, and grid
disturbances. Conventional control methods, such as PID, FOPID, type-2 fuzzy PID, and ANFIS-based
controllers, depending on whether they are steady or slow adapting parameters, often fail to guarantee
optimal performance over the entire operating envelope. To address this limitation, we propose an online
parameter adaptive DL-FOPID controller that continuously tunes the controller gains and fractional orders
based on converter state measurements.

4.1 Control Architecture for Bidirectional DC-DC Converters

The control scheme for the converter is depicted in Fig. 3 (DL-FOPID Controller Block Diagram). The
non-isolated bidirectional buck-boost converter dynamics can be modeled as:

LD by v - ve (1) (17)
dt
dv;t(t)_ - vCl(td) (18)

where iy, (t) is the inductor current, v¢ () is the output (battery bus) voltage, D (t) is the duty cycle of the
main switch, L and C are the filter inductance and capacitance, and R;,,4 represents equivalent battery load.
The control objective is to ensure:

}Lrgo‘vc (t) - V,ef| <&,e<1%x Vs (19)

where Vs is the desired DC bus voltage depending on G2V or V2G operation.
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Figure 3: DL-FOPID controller architecture for bidirectional DC-DC converter.

4.2 DL-FOPID Control Law
The FOPID control signal applied to the PWM stage is defined as:

u(t)=K,(t)e(t) +K; (t) D*De () + Ky (t) D*Pe (1) (20)

where e (t) = V,.s — vc (t) is the voltage error, K,, K;, K; are proportional, integral, and derivative gains,
and A, p € (0,1) are the fractional integral and derivative orders. Unlike conventional FOPID controllers,
where K 5 Ki, Kyg, A, u are fixed; here they are adaptively tuned by a deep neural network.

4.3 Deep Learning-Based Parameter Tuning

The input vector to the deep neural network (DNN) at every sampling instant is defined as:
x(t):[e(t),é(t),[e(r)dr, iL(t),vC(t),SOC(t)] 1)
The output vector of the DNN corresponds to the optimized controller parameter set:
© (1) = [Kp (1), Ki (£),Kq (1), A (1), (1)] (22)

The network is trained offline using a dataset generated from a comprehensive system model of
the converter under different charging currents, discharging profiles, SOC levels (20%-100%), and grid
disturbances. The training minimizes a composite cost function:

1 2 1 . \2 .
jzwl—(Vref—Vc) + Wy — (Iref_lL) + w3 THD(IL) (23)
2 2 Y

HarmonicMinimization

VoltageError CurrentTracking

While the previous section included an overview of the objective of control (11) and the application
of the cost functions when training the DNN and during online adaptation of the DNN parameters. In
the preceding section of the paper, we established the overall control goal in general via the Eq. (11).
The specific loss function used for DNN training and the online adjustment of parameters are outlined
in Eq. (23). The weights (w;, w,, and w3) used for the specific control design were determined via a structured
sensitivity analysis rather than arbitrarily. The weight values were each independently varied from 0.1 to
1.0, while keeping the other weight values constant and looking at the impact on the settling time, steady
state voltage deviation, and total harmonic distortion for all operating cases; excessive emphasis on the
transient error term tended to increase harmonic distortion, whereas excessive weighting of the harmonic
term decreased dynamic response. The final weight values (w;, w,, and ws3) were selected as a balanced
trade-oft to produce consistent fast convergence, bounded steady state voltage deviations, and reduced THD
during load variations, state of charge variations, and bidirectional power flow conditions. This procedure
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adds reproducibility to the cost/function weight selection and provides a clear rationale for the cost/function
weight selection.

The DNN training process has shown to converge quickly and reliably; the composite loss was
consistently declining as we progressed through epochs with no sign of diverging or oscillating trends. Once
offline training was finished, controller parameter online adaptation was executed successfully, while the
controller gains stayed in a bounded region during all operations. This was substantiated via simulation
studies, focused on analyzing responses to step-load disturbance, SOC transition, and buck-boost mode
transition. Despite the nonconvex loss in Eq. (23), stable local minima were reached for all training stages
by adhering to three primary requirements: bounded learning rates, normalized input feature values, and
constrained parameter ranges. Before being delivered to the DNN, measurement noise issues were addressed
via signal filtering and signal normalization, which provided stable training and reduced erratic controller
gain updates when adapting online. The adaptive range values presented in Table 2 were the effective limits
recorded during offline and online training at all possible operating conditions. To ensure viable gain
values while maintaining system stability during real-time operation, all physical limits were enforced in the
controller implementation via saturation constraints, requiring that all controller output signals fall within
the appropriate limits for both types of training.

Table 2: Tuned controller parameters used in the comparative study.

Controller Kp Ki Kd A 11
PID 0.85 35 0.002 - -
FOPID 1.05 42 0.004 0.92 0.88

Type-2 Fuzzy L1 45 0.005 - -
ANFIS 1.18 48 0.006 0.94 0.9
DL-FOPID 0.90-1.40 40-60 0.003-0.008 0.90-0.98 0.88-0.95

To enhance clarity, the real-time execution flow of the proposed DL-FOPID controller is summarized
as follows:

Step 1: Initialize the trained DNN and DL-FOPID controller parameters.

Step 2: At each sampling instant, measure system signals:
e(t),é(t),fe(t)dt,iL(t),vc(t),SOC(t).

Step 3: Construct the input vector x(t) according to (21).

Step 4: Apply x(t) to the trained DNN.

Step 5: Obtain the adaptive parameter vector ®(¢) using (22).

Step 6: Update the DL-FOPID controller with K, (t), K;(t), Ka(t), A(t), u(t).
Step 7: Generate the control action and apply it to the converter.

Step 8: Evaluate performance using the cost function 7 defined in (23).

Step 9: Repeat Steps 2 to 8 continuously for online adaptive operation.
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4.4 Fractional-Order Implementation in EV Converter

The fractional operators D™* and D* are implemented using Oustaloup’s Recursive Approximation in
the frequency band [w;, wy] that is utilized to represent the converter dynamics, resulting:

s w k[N, ”“’Z’,ae{ A (24)

In this research, an approximation frequency band of w; =10 rad/s and wy = 10° rad/s was established;
this band sufficiently contains both the dominant control dynamics at low frequency and those dynamics
produced by the 50 kHz converter switching frequency. The use of a 5th order Oustaloup approximation
with a total of five poles and five zeros for each fractional order operator provides an adequate compromise
between the accuracy of the approximation and the computational complexity, which is important for real-
time implementation within power electronics controllers. Consequently, the accurate realization of the
fractional order behavior is accomplished with low computational overhead in both buck (charging) and
boost (discharging) modes, allowing for practical implementation within digital signal processors (DSPs).
The verification of the selected frequency band and order of approximation was performed using simulations
to maintain closed-loop stability as well as the consistency of controller performance with variations in
load, SOC, and bidirectional mode transitions. All comparative controllers use the same approximation
parameters in order to maintain an equal footing and facilitate the replicability of results.

4.5 Online Adaptation in EV Operation

Once implemented, the DNN runs in real time on an architecture within the digital controller and
executes the inference in short computations suitable for digital implementation, such that the controller
gains are updated as expressed in (25):

O = oF —yveJ (25)

where 7 is the rate of online learning, and 7 is evaluate converter measurement continuously. This allows
the DL-FOPID to adapt its control effort dynamically to handle:

o SOC-dependent battery impedance variation,
o  sudden load switching during traction events,
«  multi-level charging/discharging current commands ( fast charging or regenerative braking)
»  grid voltage fluctuations during V2G support.

4.6 Advantages in EV Powertrains

The DL-FOPID control system being proposed improves voltage regulation under the tested conditions,
reduces steady-state deviations, and increases the ability of the control action to follow current. This makes
it better performance to PID, FOPID, Type 2 Fuzzy, and Adaptive Neural Fuzzy Inference System (ANFIS)
controllers for the same load conditions tested. The adaptation of the tuning method also improves the
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robustness of the system to variations in load, state of charge, and changes in operational mode. The decreased
voltage variation and reduced harmonic content lead to a higher quality of power for electrical devices as
well as lower stress on passive components. Unlike fixed-parameter controllers that provide static gains,
the DL-FOPID is designed to adjust all five controller parameters dynamically in response to real-time
data from the system, making it possible to maintain a stable level of performance over a wide variety of
operating conditions without requiring manual retuning. In applications for electric vehicles (EVs.) with
widely varying driving conditions, charging patterns, and grid interactions, this ability to adapt to varying
operational conditions is very important. These characteristics indicate that the proposed approach is suitable
for bidirectional DC-DC converters used in electric vehicle powertrain applications.

Table 2 shows the tuned values of the controller parameters used for performance testing in this
study. For conventional controllers (PID, FOPID, Type-2 Fuzzy, and ANFIS), these parameters are fixed
gains corresponding to optimal tunings performed on nominal operating conditions. In comparison, the
parameter set for the proposed DL-FOPID controller is adaptable and dynamically updated to operate within
the reported bounds based on the instantaneous operating conditions. The range of parameters reported
for the DL-FOPID controller was obtained through offline training and verified through online operation
over all test scenarios completed. Within the implementation of the controller, saturation limits are used
to enforce the parameter ranges so that the evolution of parameters is bounded by the specified limits
and closed-loop operation remains stable. Providing these parameter ranges helps to improve transparency
and reproducibility and helps to further separate the proposed DL-FOPID controller, due to its adaptive
characteristics, from conventional fixed-gain controllers.

5 Simulation Results and Discussion

This section provides a thorough assessment, both quantitatively and qualitatively, of the proposed
DL-FOPID Controller designed for a bidirectional DC-DC converter that operates in buck and boost
modes. The evaluation study compares the performance of the DL-FOPID against several other controllers,
such as conventional PID, FOPID, type-2 fuzzy PID, and ANFIS, all of which have been tested under a
variety of operating conditions. In general, the scope of the evaluation test includes steady-state operation,
dynamic load perturbations, SOC variations, multi-level charging/discharging profiles, mode changes, and
harmonics. All figures and tables illustrate the behavior of the controller system, providing a complete
understanding of all transient and steady-state performance indicators.

5.1 Converter Output Response in Buck and Boost Modes

Figs. 4 and 5 show the converter output voltage and current under buck and boost modes for all
controllers. Especially, from observation of Fig. 4, all controllers were able to regulate the output voltage
in the range very close to the reference of 48 V; however, the DL-FOPID provided the fastest convergence
characteristics with a very small overshoot of less than and approximately 0.2 V, and had the fastest settling
time of ~ 5 ms. Table 3 indicates the steady-state voltage error, whereby DL-FOPID achieves exactly 48 V,
while PID and FOPID yield slight overshoot steady states of 0.2 and 0.1 V, respectively. In current tracking
applications, similar observations are found in Fig. 5, where DL-FOPID reaches the target load current of
5 A without the steady-state error exhibited in the classical PID (4.95 A).
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Figure 5: Output current—PID vs. FOPID vs. type-2 fuzzy PID vs. ANFIS vs. DL-FOPID.

Table 3: Steady-state performance (Voltage/Current Tracking).

Controller Buck Vout (V) Bucklout (A) Boost Vout (V) BoostIout (A) Efficiency @12Q

PID 482 4.95 485 4.9 0.95
FOPID 481 4.97 48.4 4.93 0.96
Type-2 Fuzzy 48 4.96 48.3 4.94 0.97
ANFIS 479 4.98 482 4.95 0.98
DL-FOPID 48 5 48 5 0.99

In Figs. 6 and 7, DL-FOPID demonstrated its better performance to maintain regulation in boost mode
with a greater duty ratio and nonlinear characteristics of the plant. In addition, transient performance
remains high with a smooth rise in voltage and little overshoot, which is further substantiated by Table 3,
demonstrating that both unity voltage and current tracking are achieved by DL-FOPID.
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Figure 6: Output voltage—all controllers.
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Figure 7: Output current—all controllers.

5.2 Dynamic Load Changes and Disturbance Rejection

The ability to cope with dynamic loads is an important criterion when evaluating converter controllers.
The results from the 50% change in load resistance step response are presented in Figs. 8 and 9, starting
at t = 0.05 s. From Table 4, the DL-FOPID had the least amount of overshoot (0.8 V) and the quickest
time to recover (5 ms) compared to the PID, which experienced increased transient deviation (~2 V) and
had an approximate recovery time of ~12 ms. The damping improvement seen in the DL-FOPID is due to
the application of adaptive learning ability, which dynamically re-tunes (in real time) the partial gains. The
system response to load disturbance injection (sinusoidal voltage ripple) is shown in Figs. 10 and 11. Table 5
shows that the DL-FOPID produced the least amount of voltage and current deviation (voltage—0.5 V and
current—0.3 A). The disturbance rejection performance of the DL-FOPID was achieved with approximately
50% better performance than a traditional PID, which exhibited a deviation of 2.5 V and 0.75 A. These
results confirm that the DL-FOPID produces consistent disturbance rejection performance suitable for EV
applications where grid disturbances and sudden power demand can be expected.
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Figure 8: Step load voltage response—all controllers.
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Figure 9: Step load current response—all controllers.

Table 4: Comparison of various controller performance.

Scenario/Metric PID FOPID Type-2 ANFIS DL-FOPID
Fuzzy
Steady-state voltage (V) 48.2 48.1 48 48 48
Steady-state current (A) 4.9 4.92 4.93 4.95 5
Voltage deviation (V) 1.5 1.2 1 0.9 0.5
Current deviation (A) 0.5 0.45 0.4 0.38 0.3
Step load 2 1.8 15 12 0.8
response—overshoot (V)
1 —settli
Step load response—settling 0.012 0.01 0.008 0.007 0.005
time (s)
SOC variation
48.1 48 47. 48 48
(100-20%)—Vout (V) ’
SOC variation—Iout (A) 4.9 4.92 4.93 4.95 5
Multi-level charging (V) 48.2 48.1 48 48 48
Multi-level chargi
ultl-level charging 10/20/30 10/20/30 10/20/30 10/20/30 10/20/30
(Current A)

(Continued)
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Table 4 (continued)

Scenario/Metric PID FOPID Type-2 ANFIS DL-FOPID
Fuzzy

Multi-level
charging—voltage dev (V)
Multi-level
charging—current dev (A)

1.2/1.5/1.8 1.0/1.3/1.5 0.8/1.1/1.3 0.6/0.9/1.1 0.3/0.4/0.5

0.4/0.6/0.8  0.35/0.55/0.75 0.3/0.5/0.7  0.28/0.48/0.68 0.2/0.3/0.38

Efficiency (%) 92 93 94 95 97
THD (%)—buck mode 4.5 4 3.6 32 2.1
THD (%)—boost mode 5 4.5 4 3.8 2.3

10

s

g

A

o

§ sly FOPID
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19 002 004 006 008 0.1

Time (s)
Figure 10: Voltage deviation under load disturbance—all controllers.

5.3 SOC Variation and Tracking

The effect of battery SOC variation (100% to 20%) is illustrated in Figs. 12-14. DL-FOPID. As shown
in Fig. 12, achieves an almost flat voltage profile regardless of SOC (State of Charge) degradation. In contrast,
both PID and FOPID show significant voltage sag close to 20% SOC. The current tracking of DL-FOPID
shown in Fig. 13 indicates accurate control of power throughput; thus, it can be concluded that current
tracking by this controller is also consistent with its current control strategy (i.e., power through voltage).
Moreover, the tracking behavior of SOC shown in Fig. 14 demonstrates that the controller’s strategies can
successfully manage the degradation of SOC, providing for a smooth and continuous degradation rather
than an abrupt degradation. In addition to the qualitative results shown in the previous three figures, Table 6
quantitatively compares controller performance based on the degradation of SOC. The 50% SOC voltage held
by DL-FOPID is 48 volts, while PID and FOPID deviate by a maximum of 0.2 volts; thus, it is evident that
the accuracy of DL-FOPID is close to the reference at this point. Likewise, the 50% SOC current produced
by DL-FOPID is precisely 5.0 amperes, and PID produces a lesser current of 4.95 amperes. These results
demonstrate the better performance of DL-FOPID in managing the entire range of SOC for accurate power
management, which will protect the battery’s health and improve range prediction in electric vehicles.
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Figure 11: Current deviation under load disturbance—all controllers.

Table 5: Dynamic response & disturbance rejection (step load & disturbance).

Controller Avs.tep (V) Alstep (A) Avs.tep+dist (V) Alstep+dist (A)
PID 1.2 0.50 2.5 0.75
FOPID 1.0 0.45 2.0 0.60
Type-2 Fuzzy 0.9 0.42 1.8 0.55
ANFIS 0.8 0.40 1.5 0.50
DL-FOPID 0.5 0.35 0.8 0.38

=
)
a0l PID
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20 : L
0 0.02 0.04 0.06 0.08 0.1
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Figure 12: Voltage response under SOC variation—all controllers.

5.4 Buck to Boost Converter Mode Transition

Figs. 15 and 16 show the switching mode transition, and it is observed that the reference voltage step
(i.e., a change in the voltage level within the converter) causes a buck-to-boost transition. The DL-FOPID
(Deep Learning-Enhanced Fractional-Order PID) controller again demonstrates seamless transitions with
negligible overshoot and continuous current flow. In contrast, other controllers produce significant transients
resulting in approximately 1 V voltage undershoot due to PID mode transitions. The results further illustrate
the ability of the DL-FOPID to support bi-directional power transfer between G2V/V2G systems that require
frequent mode transitions.
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Figure 14: SOC tracking—all controllers.

Table 6: SOC variation response.

19

Controller  Voutlow SOC (V) Iout high SOC (A) Vout @50% SOC (V) Iout @50% SOC (A)
PID 48.5 4.85 48.2 4.95
FOPID 48.3 4.87 48.1 4.96
Type-2 Fuzzy 48.2 4.88 48 4.97
ANFIS 48.1 4.9 479 4.98
DL-FOPID 48 5 48 5

5.5 Control Effort and Duty Cycle Characteristics

Control signals (duty cycles) for all controllers operating in buck mode are illustrated in Figs. 17-21.
Duty cycles for the multiple controllers are illustrated in Fig. 21, which visually identifies that the DL-FOPID
has produced a smoother and more stable trajectory for the duty cycle than either PID or FD-PID controllers.
The duty cycle of the PID controller shows an excessive amount of ripple and takes a long time to converge,

resulting in higher switching stresses and EMI emissions. The corresponding battery voltage response for
different reference currents is presented in Fig. 22, further confirming the superior regulation performance
of the DL-FOPID controller. Finally, the ability of the DL-FOPID to adapt the duty cycle to match operating
conditions has improved converter efficiency and lowered harmonic distortion, as shown by the harmonic

analysis in Figs. 23 and 24.
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Figure 15: Voltage during buck-to-boost transition using all controllers.
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Figure 16: Current during buck-to-boost transition using all controllers.
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Figure 17: PID duty cycle.
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Figure 22: Battery voltage for different reference currents DL-FOPID.
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Figure 23: Total harmonic distortion (THD) comparison—buck mode.
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Figure 24: THD comparison for boost mode.

5.6 Battery Charging/Discharging and Power Quality Analysis

In this section Figs. 22-28 present the multi-level charge/discharge capabilities for comparison pur-
poses. In Fig. 22, DL-FOPID shows the most stable and quickest stabilization voltage compared to other
controllers across three levels of charge current: 10, 20, and 30 A. In Figs. 25 and 26, all of the controllers are
compared again under multi-level charging conditions, where DL-FOPID has the smallest voltage deviation
(<0.5V) at the maximum (30 A), as shown in Table 7. Similarly, Figs. 24 and 25 analyse the discharge behavior
(=5, =15, =25 A), showing that DL-FOPID provides better performance in current tracking accuracy with
minimal overshoot and undershoot compared to the others. Figs. 23 and 24 show the FFT-based harmonic
analysis of the output voltage for buck and boost modes, respectively. As summarized in Table 4, the DL-
FOPID achieves the lowest THD (2.1% in buck, 2.3% in boost), which is almost 50% lower than the PID. The
THD values were calculated using an FFT analysis of the steady-state output voltage waveforms. The Hanning
window was used to help reduce the effect of spectral leakage, and the FFT was performed over a consistent
10 ms time window after transients had sufficiently dissipated. All controller testing used the same FFT
settings to provide a fair and consistent comparison of results. The reduction in low-order harmonics results
in lower RMS current stress on the passive components, which is likely to extend the converter lifetime.
These THD values are below the commonly referenced 5% limit specified in IEEE 519, indicating suitability
for grid-connected applications.
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Figure 25: Voltage tracking using all controllers, charging currents = 10, 20, 30 A.
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Figure 26: Current tracking using all controllers, charging currents = 10, 20, 30 A.
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Figure 27: Voltage tracking using all controllers, discharging currents = 5, 15, 25 A.

5.7 Load/Parameter Variation and Robustness

Figs. 29 and 30 analyze the converter response under continuous load resistance variation (from 0.8 to
1.2 R). The voltage and current behavior of the DL-FOPID system is nearly constant over time, demonstrating
consistent robustness to variations in the parameters. In contrast, the PID-controlled systems demonstrate
droop in their voltage when the load is low, and demonstrate slight overshoot in their voltage when the load
is high. These results highlight the benefits of the self-tuning capability of DL-FOPID systems for use in
applications where load impedances change rapidly due to traction requirements on a vehicle.
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Figure 28: Current tracking using all controllers, discharging currents = 5, 15, 25 A.
Table 7: Efficiency vs. Load (buck mode).
Controller 50 85Q 120 155 Q 19 O 22.50Q 25 Q
PID 0.92 0.94 0.95 0.94 0.93 0.91 0.9
FOPID 0.93 0.95 0.96 0.95 0.94 0.92 0.91
Type-2 Fuzzy 0.94 0.96 0.97 0.96 0.95 0.93 0.92
ANFIS 0.95 0.97 0.98 0.97 0.96 0.94 0.93
DL-FOPID 0.97 0.98 0.99 0.98 0.97 0.96 0.95
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PID
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Figure 29:

Voltage response—all controllers under load resistance variation.
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Figure 30: Current response—all controllers under load resistance variation.

5.8 Extreme SOC Cases and G2V/V2G Transitions

As demonstrated in Figs. 31 and 32, DL-FOPID can maintain a very stable charging voltage with virtually
no ripple during low SOC charging or high SOC discharging (Current Controlled Mode) to keep the
battery from experiencing distress. The bidirectional transition performance of the DL-FOPID, represented
by Figs. 33-35, provides for smooth voltage and current reversals (from G2V to V2G) with very limited
duty cycle transients, therefore assuring compliance with grid codes and reducing the amount of power
quality disturbances.
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Figure 31: Voltage response at low SOC charging—all controllers.
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Figure 32: Voltage response at high SOC discharging—all controllers.
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5.9 Efficiency and Power Conversion Analysis

Figure 33: Voltage during G2V — V2G transition—all controllers.
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As shown in Fig. 36 and represented by Table 7, the efficiency of the converter is plotted as a function
of the load resistance. All the way up to the maximum resistive load of 12 Q, the DL-FOPID controller
maintained the highest level of efficiency, reaching a peak simulated value of 99% at approximately 12 Q. At
low loads such as 25 Q, the conventional PID controller’s efficiency fell below 92% due to inefficient control of
the duty cycle and energy lost due to switching losses. Owing to adaptive partial-order gains, in conjunction
with the unique ability of the DL-FOPID controller to optimize the duty cycle under all operating conditions,
results in improving the efficiency of the charging process by reducing conduction losses. Table 8 summarizes
the averaged quantitative performance indicators extracted from the simulation results shown in Figs. 12-28.
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Table 8: DL-FOPID performance under SOC variation & multi-level charging/discharging.

Scenario Controller Vout (V) Avg. Lout (A) Avg. Voltage deviation (V) Current deviation (A)
PID 48.1 4.9 1.5 0.5
FOPID 48 4.92 1.2 0.45
SOC variation (100~20%) Type-2 Fuzzy 47.9 4.93 1 0.4
ANFIS 48 4.95 0.9 0.38
DL-FOPID 48 5 0.5 0.3
PID 48.2 10.0/20.0/30.0 1.2/1.5/1.8 0.4/0.6/0.8
FOPID 48.1 10.0/20.0/30.0 1.0/1.3/1.5 0.35/0.55/0.75
Multi-level charging Type-2 Fuzzy 48 10.0/20.0/30.0 0.8/1.1/1.3 0.30/0.50/0.70
(10, 20, 30 A) ANFIS 48 10.0/20.0/30.0 0.6/0.9/1.1 0.28/0.48/0.68
DL-FOPID 48 10.0/20.0/30.0 0.3/0.4/0.5 0.20/0.30/0.38
PID 48.2 —5/-15/-25 1.2/1.5/1.8 0.4/0.6/0.8
FOPID 48.1 —5/-15/-25 1.0/1.3/1.5 0.35/0.55/0.75
Multi-level discharging Type-2 Fuzzy 48 —5/-15/-25 0.8/1.1/1.3 0.30/0.50/0.70
(-5, =15, =25 A) ANFIS 48 —5/-15/-25 0.6/0.9/1.1 0.28/0.48/0.68
DL-FOPID 48 —5/-15/-25 0.3/0.4/0.5 0.20/0.30/0.38

The performance assessment of the proposed DL-FOPID controller, considering a number of different
state of charge (SOC) conditions, as well as conditions where charging and discharging occur simultaneously,
is detailed in Table 8 and is indicative of how well the proposed controller will perform when compared
to conventional PID control strategies. When the SOC was reduced from 100% to 20%, the DL-FOPID
controller kept the output voltage average at 48 V with a deviation of only 0.5 V and very little fluctuation in
current (0.3 A), thus surpassing PID, FOPID, Type—2 Fuzzy, and ANFIS controllers, which showed greater
voltage and current deviations. The case of multi-level charging (10, 20, 30 A) also confirmed DL-FOPID
as the best, as it only experienced a voltage deviation range of 0.20 to 0.38 V and a current deviation
of 0.3 to 0.5 A, hence showing the best dynamic tracking and the quickest settling response among the
different controllers. DL-FOPID showed the best voltage stability in multi-level discharging cases (-5, —15,
—25 A), as it had the smallest deviation range, thus ensuring smooth bidirectional power flow. All these
results indicate that DL-FOPID shows better performance in terms of performance, accuracy, and nonlinear
condition management, making it the practical option for DC-DC converters in modern EVs. across all
times of load and SOC changes. The switching devices in the model use idealized characteristics; therefore,
the efficiency results should be interpreted as relative comparisons between controllers rather than absolute
hardware performance.

Table 9 presents standard control performance indicators (IAE, ISE, ITAE), all controlled in a similar
operating mode. Lower values reflect better tracking accuracy and speedier error convergence, with the DL-
FOPID controller showing the best results in all three indices, thus demonstrating the improved dynamic
performance relative to PID, FOPID, Type 2 fuzzy controller, and ANFIS controller.

Table 9: Performance indices comparison.

Controller IAE ISE ITAE
PID 1.82 0.94 3.12
FOPID 1.34 0.71 2.45
Type-2 Fuzzy 112 0.63 2.08
ANFIS 0.98 0.58 1.94

DL-FOPID 0.72 0.41 1.26
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5.10 Stability and Robustness Analysis

Due to extensive time-domain simulations, the evaluation of the closed-loop stability of the proposed
DL-FOPID controller occurs through all operating scenarios discussed in this paper. Several different
operating scenarios include step changes in loads and mode changeovers between operation modes of
buck (G2V) and boost (V2G), as well as large battery state-of-charge (SOC) variations ranging from a
fully charged condition (SOC = 100%) to a significantly discharged condition (SOC = 20%), and both
multi-level charging/discharging. To assess stability, the dynamic responses of important system variables,
such as output voltage, inductor current, and duty cycle, through and after transient events (disturbances),
were monitored. In all tests, system responses remain bounded and exhibit well-behaved characteristics,
exhibiting no sustained oscillatory, divergent, or unstable behaviour of the output voltage or inductor current
waveforms. Following disturbance events associated with either sudden load changes or mode changeovers,
the DL-FOPID controller drives the affected system back to the reference operating point of the system within
finite time periods. In addition, the voltage regulation is maintained in a tightly controlled manner, displaying
acceptable limits of deviation from the nominal (reference) value during transition, and the current tracking
performance is smooth and displays neither excessive overshoot nor chattering. The evolution of robust
control displayed by the DL-FOPID controller can be attributed to its ability to adaptively adjust its controller
parameters based on the system state. By using system state information to modify its parameters, it is able
to provide a robust control solution to compensate for non-linearities and variations of parameters that
will occur in real-life applications, thus maintaining sufficient control effects. These simulation observations
provide strong evidence of practical closed-loop stability of the proposed control approach within the
evaluated operating range. Although a formal analytical stability proof is not included, the consistent and
bounded behavior under all tested conditions demonstrates the reliability of the controller for bidirectional
DC-DC converter operation in electric vehicle applications.

6 Conclusion and Future Work

This paper illustrated the entire design process, modeling, and assessment of the performance of a
deep learning-based fractional-order PID (DL-FOPID) controller for a bi-directional DC-DC converter
connected with an electric vehicle (EV) energy storage system. The suggested controller was methodically
tested against conventional PID, fractional-order PID (FOPID), Type-2 fuzzy PID, and ANFIS-based
control approaches under a variety of operating conditions that included buck/boost operation, external
loads changing dynamically, disturbances in loads, transitions between modes (G2V<>V2G), variations in
SOCs, and multi-level charging/discharging profiles. Simulation results from the various operating scenarios
showed that the DL-FOPID controller consistently showed better performance than the other controllers and
was shown to have high steady-state accuracy, fast dynamic response, and effective disturbance rejection. The
DL-FOPID controller produced the least overshoot, quickest settling times, and least current tracking error,
all of which are indications that the controller is demonstrates effective adaptation to the nonlinear aspect of
power flow changing in both directions during the multi-level charging (10-30 A) and discharging (-5 to —25
A) scenarios. The firmness of the controller was additionally proved through the harmonic analysis, where it
performed the lowest THD in both buck and boost modes, thus enhancing the power quality of the converter
and making it compliant with the grid standards. Besides that, the efficiency analysis showed that DL-FOPID
always kept the converter efficiency higher than the other control strategies during different load conditions
and even reached close to unity efficiency in simulation at part-load operation. The comparison gives rise to
the fact that though ANFIS and Type-2 fuzzy controllers exhibit comparable transient performance, they are
still facing the issues of higher computational load and parameter sensitivity. The DL-FOPID, on the other
hand, makes use of data-driven learning to automatically adjust its gains and fractional orders in real time,
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thus ensuring stable control action under a wide range of operating conditions without the need for manual
retuning. To sum up, the DL-FOPID controller is a robust and scalable approach under the tested conditions
for new EV powertrains, offering consistent improvement in bidirectional power management with better
voltage quality, current tracking, and harmonics performance. Work for the future may take this study to
real-time hardware-in-the-loop (HIL) implementation and also find out the possibility of integration with
energy management systems for ensuring the coordination in grid-to-vehicle (G2V) and vehicle-to-grid
(V2G) operation in smart microgrids.

In future studies, the suggested DL-FOPID framework can be extended through the addition of
new elements such as passivity analysis and decentralized event-triggered control techniques. Recent
research indicates that using both passivity-based and event-triggered methods improves the system’s
stability margin and decreases the communication requirements, and increases its reliability for energy
systems that are connected together by a network, such as wind turbine and smart grid networks. By
combining these passivity-based approaches with a learning-based adaptive controller, one may be able
to provide formal assurance of stability while also maintaining the ability to adapt dynamically in real-
time for EV-connected power systems through bi-directional DC-DC converters. This work is based on
MATLAB/Simulink simulations, and experimental validation using hardware-in-the-loop or a physical
prototype will be addressed in future work. The performance of the DL-FOPID controller also depends
on the quality and representativeness of the training data, and performance may degrade under operating
conditions far outside the training set. Future work will focus on experimental validation of the proposed
controller using a real-time hardware platform, such as hardware-in-the-loop (HIL) testing or a laboratory-
scale prototype. In addition, the DL-FOPID framework can be extended to other converter topologies and
coordinated energy management architectures used in EV-integrated microgrids. Further investigation will
also consider improving training strategies for enhanced generalization under unseen operating conditions
and reducing computational overhead for embedded implementation.
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