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A B S T R A C T

Hybrid microgrids (HMGs) in grid‑interactive settings historically relied on single‑source generation or sin
gle‑storage control that faltered under renewable intermittency, fast transients, and storage aging, constraining 
reliability and autonomy. This study developed a lightweight power‑management system that coordinated solar 
photovoltaics (PV), wind, battery–supercapacitor (SC) storage, the utility grid, and AC load and electric‑vehicle 
(EV) charging to increase local use and resilience. The Hybrid Artificial Neural Network‑Integrated Synergistic 
State‑of‑Charge Supervised Power Management System (HANNI‑S3‑PMS) operated in both grid‑connected and 
islanded modes on an AC/DC MG. Control was hierarchical: primary proportional–integral loops regulated 
converter currents and voltages; an artificial neural network (ANN) provided maximum‑power‑point tracking 
(MPPT) for PV and wind and decentralized power sharing; and a tertiary state‑of‑charge (SoC)‑supervised layer 
coordinated power flows and charging via ANN optimization with phase‑locked‑loop (PLL) synchronization for 
seamless transitions. MATLAB/Simulink studies spanning varied loads, renewable ramps, and grid contingencies 
showed near‑complete renewable capture, exceptionally fast transient recovery, tightly regulated DC‑bus voltage 
with minimal overshoot and quick settling, and resilient load balancing, while reducing reliance on the utility 
grid and curbing storage stress. Frequency-domain and time‑domain analyses verified stability, and comparisons 
with representative MG controllers indicated higher efficiency with low computational overhead. HAN
NI‑S3‑PMS provided a data‑driven alternative to computationally heavy optimizers, significantly removed 
dependence on pre‑tuned parameters, scaled to real‑time multi‑node deployment, and advanced autonomy, 
reliability, and seamless grid/island operation in HMG.

1. Introduction

The global transition of renewable energy is also increasing rapidly 
with countries aiming to achieve ambitious sustainability goals, which 
drives substantial progress in grid-connected MG scheduling controllers 
to optimize distributed generation and enhance reliability [1], and the 
creation of smart energy management systems that can reduce grid 
reliance, decrease operational expenses, and optimize economic per
formance through dynamically integrated tariffs [2]. According to 
modelled energy transition pathways, achieving the Paris Agreement 
targets requires global net CO2 emissions to fall by roughly 45 % by 
2030, with much of this reduction driven by accelerated renewable 

deployment. The declining cost of solar, wind, and battery storage has 
already made HMG solutions increasingly competitive compared to 
conventional fossil-based generation [3]. Although they are important 
in the decarbonization process, the renewable sources of power like 
solar and wind have inherent variability and forecasting uncertainty, 
which present system stability challenges, operational reliability, and 
long-term system planning [4]. MGs are considered as a solution to these 
problems, as they allow localized integration of renewable energy 
sources (RESs) and facilitate flexible operation in both grid-connected 
and islanded modes, thus enhancing the overall network resilience 
[5]. In this framework, grid-connected HMG systems play a crucial role 
as interfaces between distributed renewable generation, and the main 
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utility grid, enabling coordinated power exchange, optimal dispatch and 
enhancement of techno-economic and environmental performance [6]. 
The integration of PV and wind power in HMGs is especially beneficial, 
as the complementary nature of the production pattern between the two 
sources- PV throughout the day, and wind generation during the night 
and seasons- results in a more stable supply profile, increased stability in 
the network, and a lack of reliance on a single energy source [7,8]. 
However, due to the intermittency of these resources, energy imbalances 
are a common occurrence thus the need to deploy energy storage sys
tems and advanced energy management mechanisms to maintain 
secure, reliable and economical operation [9].

Single ESS, like batteries, have short lifespan and degrade quickly in 
frequent cycling in MGs, whereas SCs alone cannot store sufficient en
ergy and are therefore individually inadequate; hence hybrid ESSs are 
favored to respond to dynamic loads and renewable fluctuation with 
confidence [10,11]. Combining batteries and SCs in the form of HESS 
allows matching power and energy density, which results in extended 
storage, increased reliability, and reduced costs in MGs [9,12]. The grid- 
connected MGs are associated with complex coordination between 
volatile RESs, HESSs, dynamic loads, and market-based interaction with 
the grid, which demands multi-layered predictive control in order to 
guarantee stability, resiliency, and optimality in energy trading [13,14]. 
The problem of real-time optimization of power dispatch in grid- 
connected MGs is extremely challenging due to the unpredictable na
ture of renewable energy, variability in loads, and operational con
straints of HESS that requires advanced and intelligent energy 
management systems that guarantee effective MGs operations [15,16]. 
While significant progress has been made in the control of individual 
RESs and ESSs, integrated modeling, coordinated control, and real-time 
optimization of hybrid RES-HESS configurations in grid-connected MGs 
remain underexplored, limiting their operational efficiency and resil
ience [17]. Recent studies report that grid codes in Europe and Asia- 
Pacific enforce frequency stability limits of ±1 % and voltage varia
tions within ±2 %, requiring MGs to dynamically restore nominal values 
within seconds after a disturbance, which has driven the adoption of 
hierarchical and advanced control strategies for distributed storage and 
generation [18]. This paper presents a detailed framework for modeling, 
controlling, and assessing the performance of an HMG system with grid 
integration, ANN-based MPPT for both PV and wind, and SoC based 
ANN-controlled HESS supplying AC and EV loads. The system is built on 
the Autonomous HANNI-S3 Controlled hybrid energy architecture to 
ensure coordinated RES-HESS-grid operation, with ANN-based control
lers employed as lightweight, data-driven alternatives to heavy opti
mization, enabling real-time control and scalability under dynamic 
conditions [19].

1.1. Existing works on grid-connected MGs with hybrid energy sources 
and storage systems

Existing literature on grid-connected MGs with hybrid energy sour
ces and storage systems demonstrates various methodologies, which are 
aimed at optimizing energy management and maintaining system sta
bility. Several studies have explored sophisticated control strategies to 
improve renewable utilization, DC-bus stability, and load management 
efficiency.

Argyrou et al. (2021) proposed a power management technique that 
uses filtration-based method which combines PV and HESS to reduce the 
grid’s influence, to ensure DC-bus voltage is more stable, and reduce 
battery degradation during transient conditions. Their approach lacks 
comprehensive stability assessments across diverse load profiles and 
mixed-mode scenarios with simultaneous DC and AC load variations 
[20]. Similarly, Kumar and Bae (2022) developed a dynamic power 
management system employing Model Predictive Control (MPC) to 
optimize inverter performance and mode transitions. While moving 
average filter (MAF) has many advantages, it causes delays in high- 
frequency events and does not consider situations where backup from 

the grid is required during energy deficits [21].
Other approaches, mainly droop control, are being explored in 

adaptive control strategies. Kandari et al. (2023) introduced a hybrid 
controller that uses State of Charge (SoC)-based adaptive droop control 
and FLC-PI controllers to ensure better stability when the load is 
switched in hybrid AC/DC MGs. However, their approach does not 
change over time to account for changing loads or uncertain generation 
from RES. Thus, limiting its optimization capabilities [22]. Likewise, 
Abouobaida et al. (2023) introduced an energy management system 
(EMS) that applies fuzzy logic controllers (FLC) and sliding mode control 
(SMC) to a standalone DC MG. But the studies do not consider a range of 
AC/DC mixed load scenarios and do not fully examine the behaviors of 
batteries and SCs during extreme or absent conditions [23].

Bhattar and Chaudhari (2023) suggested optimization-based energy 
management approaches using linear programming (LP) and mixed- 
integer linear programming (MILP) to boost the use of renewable en
ergy, maintain stable DC bus voltage, and handle loads in centralized 
MGs. On the other hand, scalability of their model beyond small-scale 
applications remains untested, and computational efficiency concerns 
for larger distributed systems persist [24]. Additionally, Farrokhi et al. 
(2024) introduced an optimization-based PMS that uses Adaptive Kal
man Filtering (AKF) and Karush-Kuhn-Tucker (KKT). Nevertheless, 
being sensitive to minor changes in parameters and not being able to 
directly control SCs makes the system less responsive when load changes 
[25].

In their studies (2023), Patel et al. presented two new methods which 
utilizes hybrid fuzzy-integrated fractional-order PID (FOPID) and hybrid 
adaptive fuzzy-integrated fractional-order PD-PI (HAFI FPD-PI) con
trollers to improve the stability of the DC bus voltage and the synchro
nization of the inverter. Despite these proposed advancements, 
validation under extreme or highly variable conditions is limited, and 
controller complexity poses real-world implementation challenges 
[26,27]. In a similar manner, Soliman et al. (2021) introduced super
visory EMS with fuzzy high-order sliding mode control (FSHSMC), yet 
accurate predictions of renewable energy are still necessary, as inac
curacies might result in the inefficiency of the system [28].

Different approaches have been contributed by other studies. Bai 
et al. (2020) linked real-time demand-side management with hybrid 
dynamic modeling, even, depending solely on set profiles hindered the 
evaluation of adaptability in uncertain situations [29]. Sandeep and 
Mohanty (2023) proposed Artificial Rabbits Optimized Neural Networks 
(ARONN) for isolated MG, highlighting concerns about fixed weight 
parameters and unexplored fault tolerance [30]. In the study by Kamel 
et al. (2019), PI control was used for both batteries and fuel cells, 
whereas direct SC connections can result in uncontrolled charge or 
discharge and poor performance in response to sudden changes [31]. 
Manandhar et al. (2019) designed a dynamic EMS based on battery SoC 
for HESS, though severe transient and multi-source variability effects 
remain inadequately addressed in the proposed system [32]. Although 
Shuvo et al. (2025) examined how load can be managed in grid-isolated 
DC MG, considerations about other sources of renewable energy and 
scaling should be explored further [33].

In conclusion, these studies have made great advancements in 
developing different control and optimization methods. However, as 
summarized in Table 1, gaps persist, particularly regarding scalability, 
adaptability under extreme conditions, and integration of diverse 
renewable sources and dynamic load scenarios. Therefore, providing 
chances for additional research and advancement.

1.2. Identified gaps in existing works

Based on the findings from the literature review, it is evident that 
although HMG systems have been widely explored, several important 
areas remain insufficiently addressed. These shortcomings reduce sys
tem flexibility, hinder real-time performance, and limit their suitability 
for complex, real-world applications. The key gaps identified across the 
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reviewed studies are summarized below: 

• Many studies adopt simplified assumptions, using static load/gen
eration profiles and single-source renewable inputs (mainly solar). 
This overlooks dynamic scenarios (AC/DC variations, severe imbal
ances) and hybrid setups with wind or grid backup, reducing prac
ticality and robustness.

• Control and optimization strategies in MGs often lack adaptability 
and scalability for real-time operation. Many approaches provide 
only limited coordination of energy storage, rely on pre-tuned or 
non-adaptive control settings, or involve optimization techniques 
with high computational demands.

• Reviewed MG frameworks show limited adaptability and robustness 
under real-world fluctuations; evaluations are mostly restricted to 
narrow operating conditions, leaving efficiency, resilience, and 
reliability under realistic or extreme scenarios insufficiently 
validated.

• SOC limits of batteries and SCs are frequently neglected, while sta
bility analyses (both frequency- and time-domain) compared with 
existing approaches are limited. These gaps risk deep char
ge–discharge cycles, reduced battery lifetime, and unvalidated long- 
term reliability under stressed conditions.

Table 1 
Literature Review Summary of Control Strategies, Stability Analysis, Contributions, and Limitations for Hybrid Energy Systems in MG Applications:

Ref System Topology Control strategy Bus voltage 
regulation

Controller 
modeling

Stability 
analysis

Key points

20
PV/battery/ 
SC

Grid connected MG 
with AC load

Filtration-Based PMA with PI 
Controllers ± 0.625 % ✓ ✓

− Battery-SC hybridization reduces battery 
stress and increases lifespan.− Achieves DC-bus 
voltage stability with minimal ripple (±0.625 
%).

21
PV/battery/ 
SC/fuel cell

Grid connected MG 
with DC load

Model Predictive Control 
(MPC)-based Dynamic PMS ± 4 % ✓ ✓

− Decoupled active/reactive power control 
using MPC.− MAF causes phase lag and ignores 
grid backup, limiting dynamic adaptability.

22
PV/battery/ 
SC/fuel cell

Standalone hybrid 
AC/DC MG

SoC-based Adaptive Droop 
Control with FLC-PI

━ ━ ━

− Event-wise power flow adaptation− FLC-PI 
reduces SC power deviation by up to 90 % 
during transients.− SoC-based droop control 
lacks adaptability to load and generation 
variations, limiting optimization.

23 PV/Wind/ 
Battery/SC

Standalone DC MG 
with DC & AC loads

Fuzzy Logic Control (FLC) for 
MPPT, Sliding Mode Control 
(SMC) for EMS

±0.25 % ✓ ━

− MPPT via FLC outperforms P&O and INC- 
COND.− SMC ensures fast DC bus regulation 
(400  V, ±1 V).− Validation lacks diverse AC/DC 
and intermittent load scenarios.

24 PV/BESS
Grid-connected DC 
load MG

Centralized Energy 
Management Scheme (CEMS) 
with hierarchical multi- 
optimization (LP & MILP)

±5.83 % ✓ ━

− LP and MILP used for optimal PV-BESS use 
and prioritized load shedding.− Maintains 48 V 
DC bus with high reliability and real-time 
performance.− Scalability beyond 1.2  kW and 
computational efficiency for large MGs remain 
unverified.

25 Battery/SC
Standalone DC MG 
with AC load

Adaptive Kalman Filter (AKF) 
and KKT-based multi- 
objective optimization

<±5% ✓ ━

− Accurately estimates grid current with less 
than 1.5 % error.− Experimental results show a 
50 % improvement in battery lifespan.− Semi- 
active HESS lacks SC control, limiting response 
to rapid load shifts.

26
PV/Wind/ 
Battery/SC

Isolated hybrid MG 
with DC & AC loads

Hybrid Adaptive Fuzzy 
Integrated Multistage FOPID 
+ nVdPO-based VOC

±2% ✓ ✓

− Maintains stable 50  V DC grid.− VOC ensures 
synchronized inverter output.− Limited PMS 
validation and non-adaptive HHO tuning reduce 
flexibility under dynamic conditions.

27
PV/Wind/ 
Battery/SC

Standalone DC load 
MG with DC load

Hybrid Adaptive Fuzzy 
Integrated Fractional Order 
PD-PI (HAFI FPD-PI)

±4.2 % ✓ ✓
− Enhances voltage stability with ± 2.1  V 
deviation (≤5%).− Power-sharing between SC 
and battery reduces battery stress.

28
PV/Wind/ 
Tidal/ 
Battery

Smart grid-integrated 
DC MG with EV & 
smart university 
loads

Fuzzy Supervisory High-Order 
Sliding Mode Control 
(FSHSMC)

<±10 % ✓ ━

− Combines MPPT and off-MPPT modes based 
on SoC and load.− Renewable variability makes 
accurate forecasting crucial; errors cause energy 
surplus or shortage.

29
PV/Battery/ 
SC/DG/ 
Public Grid

Grid-connected & 
islanded DC load MG

Rule-based real-time energy 
management algorithm with 
load shedding optimization

<±10 % ━ ━

− Real-time load optimization via MILP.−
Priority-based source usage.− Uses fixed 
profiles, limiting adaptability under dynamic 
high-demand, low-generation scenarios.

30
PV/Battery/ 
SC Isolated DC load MG

Artificial Rabbits Optimized 
Neural Network (ARONN) 
EMS

<±10 % ✓ ━

− Combines ANN and ARO to optimize battery/ 
SC current control.− Reduces battery stress, 
enhances SoC control.− Fixed NN weights and 
untested fault tolerance reduce adaptability and 
reliability.

31
PV/Fuel 
Cell/ 
Battery/SC

Standalone DC MG 
with 3-phase AC load

Classic PI-based EMS ━ ━ ━
− Direct SC-DC connection reduces cost and 
response time.− Fuel cells respond slowly to load 
changes, affecting power stability.

32 PV/Battery/ 
SC

Grid-connected DC 
MG with DC & AC 
loads

Sharing Coefficient-based 
Power Allocation

±2.9 % ✓ ━

− Reduces battery stress by dynamically 
adjusting power sharing based on SoC.−
Efficient control of charge/discharge rates to 
extend battery life.− PMS lacks consideration for 
severe load transients and multiple variable 
renewables.

33
PV/Battery/ 
SC

Grid-isolated DC MG 
with DC & AC loads

Fuzzy Logic-based MPPT with 
Adaptive Load Management ±2.5 % ✓ ✓

− Optimizes power output and stability across 
various load scenarios.
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1.3. Contribution of the proposed work in addressing existing limitations

Despite significant progress in HMG research, critical limitations 
persist in system adaptability, real-time performance, energy source 
integration, and control stability. The proposed work directly addresses 
these gaps by introducing a comprehensive, intelligent control frame
work designed for robust, real-world operation. Leveraging advanced 
ANN-based strategies, multi-source energy integration, and dynamic 
storage coordination, the system enhances energy efficiency, stability, 
and scalability. The following objectives outline the key contributions of 
this study in overcoming the shortcomings identified in existing 
literature. 

• Proposed HANNI-S3-PMS, a grid-interactive framework integrating 
PV, wind, grid support, battery–SC storage, and EV charging on an 
AC/DC MG, enabling adaptive load management, real-time demand 
response, reduced grid dependence, and improved resilience under 
dynamic conditions.

• Introduced an ANN-based hierarchical control combining PI loops 
for current–voltage regulation, and a tertiary SoC-supervised layer 
for storage and EV coordination. Achieved renewable capture ≈ 1, 
transient recovery ≤10 ms, and DC-bus overshoot ≤ ±0.88 V (≈
1.76 %) while significantly eliminating pre-tuned parameters and 
heavy optimizers, ensuring real-time multi-node deployment.

• Developed SoC–aware coordination enforces battery/SC limits, 
schedules charge/discharge (incl. EV), and assigns fast transients to 

the SC to reduce deep cycling and lower battery stress, improving 
longevity.

• Demonstrated rigorous stability and performance validation through 
frequency-domain (Bode plot) and time-domain (step response) an
alyses, and validated the framework through 15 dynamic case 
studies under varied loads, fluctuations, and extreme scenarios 
confirmed tighter voltage regulation, balanced sharing, reduced grid 
imports, and low computational burden.

This paper is structured as follows: Section 2 outlines the modeling 
and control strategy of the proposed grid-connected MG system. Section 
3 demonstrates comprehensive stability and transient response analysis 
with existing proposed controllers. Section 4 explains the power man
agement strategy algorithm for the proposed hybrid grid-connected MG 
system. Section 5 presents the simulation results of 15 cases grouped 
into 4 scenarios carried out in MATLAB/Simulink. Section 6 provides a 
comparative analysis with existing studies. Lastly, Section 7 concludes 
the paper.

2. Modeling and control strategy of the proposed grid-connected 
MG system

2.1. Proposed ANN-Based hybrid energy storage and source system Grid- 
Connected MG

The architecture of a dual-mode grid-interactive energy management 

Fig. 1. Block diagram of the proposed ANN-based hybrid energy storage and source system grid-connected MG.
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system that combines both DC and AC MG components is shown in 
Fig. 1. Wind turbines, the utility grid (via a transformer) supply power 
on the AC side, which is distributed to residential AC loads. PV arrays 
produce electricity on the DC side, and are connected to two forms of 
ESS, an ESS based on a battery (ESS 1) and another ESS based on SC (ESS 
2). The DC bus is also connected to EV chargers. The core of the system is 
the HANNI-S3 converter, which allows the power to be exchanged be
tween the DC and AC buses in both directions and allows the renewable 
sources and storage units to be easily integrated into the system. A dual- 
mode energy management system supervises the entire setup, coordi
nating power supply, demand response, and bidirectional energy flows 
to optimize system reliability, efficiency, and stability. The diagram 
depicts distinct flows: information exchange, unidirectional power 
supply and reception, as well as bidirectional power transfer, high
lighting the coordinated interaction between generation, storage, and 
load components.

This proposed control allows seamless integration of RESs and stor
age, optimizing system performance. The system is designed to meet 
both local and grid demands, ensuring reliability, stability, and sus
tainability. The combination of ANN optimization and hybrid compo
nents enhances the system’s efficiency and adaptability, supporting a 
clean and reliable energy infrastructure.

Table 2 lists the specifications and operating parameters considered 
for the proposed grid-connected HMG system, covering power sources, 
energy storage, loads, and converter components.

2.2. PV system with ANN-based MPPT control

The PV array is connected with a DC-DC boost converter and an 
ANN-based MPPT controller in the system. The ANN MPPT system sets 
the optimum duty cycle by using the PV voltage, temperature, and 
irradiance, and implements it using a PID-controlled PWM generator for 
better power extraction [34,35]. The PV output current is [34]: 

IPV = IL − Id

(

exp
(

VPV+IPVRS

aVT

))

− 1)−
VPV + RSIPV

RP
(1) 

In Eq. (1), IL is a light-generated current, ID is diode current, VPV and IPV 
is PV module voltage and current, the losses across the series resistance 
RS and the shunt resistance RP, VT is thermal voltage.

2.2.1. Ann-based MPPT control for PV system
Fig. 2 shows the ANN implemented for MPPT predicts the optimal 

operating voltage VMPPT of the PV system under varying environmental 
conditions. The architecture comprises an input layer that accepts 
temperature (T) and irradiance (G), a hidden layer with activation 
functions, and an output layer that computes VMPPT. Each hidden neuron 
processes T and G through its respective weights and biases, with the 
output of the j-th hidden neuron given as [36]: 

zj = f
(
wTj.T + wGj.G + bj

)
(2) 

The final output, VMPPT , is calculated in the output layer by aggregating 
the contributions from all hidden neurons as: 

VMPPT = fout

(
∑m

j=1
wj.f

(
wTj.T + wGj.G + bj

)
+ bout

)

(3) 

In Eqs. (2)–(3), wTj and wGj are the weights for inputs T and G for the j-th 
neuron, bj s its bias, and f and fout are the activation functions for the 
hidden and output layers.

2.2.2. Training and performance evaluation of ANN-based MPPT for PV 
system

The training process utilizes simulated datasets of T, G, and their 
corresponding VMPPT. The network minimizes the mean squared error 
(MSE) between the predicted (V̂MPPT) and actual (VMPPT), calculated as 
[36]: 

MSE =
1
N
∑N

i=1
(VMPPT,i − V̂MPPT,i)

2 (4) 

In Eq. (4), VMPPT,i is the actual voltage, V̂MPPT,i is the predicted voltage, N 
is the number of training samples. The network iteratively updates 
weights and biases through backpropagation as follows: 

wt+1 = wt − η δMSE
δb

, bt+1 = bt − η δMSE
δb

(5) 

In Eq. (5), wt and bt are the current parameters, η is the learning rate, 
and the derivatives represent how MSE changes with respect to weights 
and biases.

The quick drop in MSE in the early epochs, as seen in Fig. 3, indicates 
that the system is learning effectively and improving continuously 

Table 2 
Specifications of parameters of the proposed grid-connected HMG System.

S. no Description Values Unit

​ PV voltage 20.2 V
1 PV current 7.43 A
​ PV power 7650 W
​ Wind voltage 48 V
2 Wind current 125 A
​ Wind power 6000 W
​ Battery voltage 47 V
3 Battery rating 400 Ah
​ SoC 15–100 %
​ Nominal discharge current 173.91 A
​ SC voltage 48 V
4 SC capacitance 28,125 F
​ SoC 15–100 %
​ AC Constant load 2000 W
5 AC Varying load 0 4000 W
​ EV Constant Load 1300 W
6 EV Varying Load 0 2600 W
​ Battery converter inductor 1.06e-4 H
7 Battery converter capacitor 0.0060 F
​ SC converter inductor 0.0011 H
8 SC converter capacitor 0.0130 F
​ Switching frequency 10 kHz
9 Battery current controller gain KBat

p = 8.2e-7, KBat
i = 0.164 −

​ SC current controller gain KSC
p = 8.17e-7, KSC

i =0.163 −

​ PV Boost converter inductor 4.304e-4 H
10 PV Boost converter capacitor 0.165 F
​ Switching frequency 10 kHz
11 Wind Buck converter inductor 0.320 H

Wind Buck converter capacitance 6.25e-5 F
12 Grid frequency 50 Hz

Grid Voltage 220 V
13 DC bus voltage controller gain KP = 0.1493, Ki= 0.1783 −

​ DC bus voltage 50 V Fig. 2. ANN architecture for PV system MPPT control [36].
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toward low error afterward. Due to this advanced strategy, the ANN can 
respond well to changes in the environment and obtain the best vali
dation MSE of 4.0532 × 10− 11 at epoch 1000.

According to Fig. 4, the ANN-based MPPT controller has a high 
regression coefficient (R = 1) across training, validation, testing, and 
overall data. This indicates a perfect linear relationship between the 
predicted V̂MPPT and actual VMPPT, with the regression equation 
approximated as [34]: 

V̂MPPT ≈ VMPPT + ∊i (6) 

In equation (6), VMPPT is the actual voltage, V̂MPPT is the predicted 
voltage, ∊i represents a negligible error offset close to zero.

2.3. Wind energy conversion system modelling with ANN-based MPPT 
control

In our wind energy system, the Permanent Magnet Synchronous 
Generator (PMSG) powered by the turbine produces power that is con
verted to DC and stabilized by a buck converter to maintain the DC bus 
output voltage stable [37,38]. The duty cycle is adjusted in the ANN- 
based MPPT controller using turbine voltage and current, and the PID 
controller manages the power through the converter. The turbine power 
output is governed by [38]: 

Pturbine =
1
2

ρACp(λ, β)v3
w (7) 

In Eq. (7), vw is the wind speed, ρ is air density, A is rotor area, and Cp is 
the power coefficient, which represents the efficiency of energy 
conversion.

2.3.1. Ann-based MPPT control for wind turbine system
The ANN-based MPPT method has also been adapted for wind tur

bines to handle the rapid fluctuations in wind speed and rotor dynamics. 
Wind turbines, unlike PV systems, depend on the instantaneous changes 
in voltage and current. In Fig. 5, the ANN is used to determine the 
optimal operating voltage, with each hidden neuron handling voltage 
and current by using its weights and biases [38]: 

zj = f
(
wVj.V + wIj.I + bj

)
(8) 

VMPPT = fout

(
∑m

j=1
wj.f

(
wVj.V + wIj.I + bj

)
+ bout

)

(9) 

In Eqs. (8)–(9), wVj and wIj are voltage and current weights, bj is the 
hidden neuron bias, and f s its activation function. The hidden neuron 
outputs are combined using output weights wj, bout , and activation fout to 
produce the final output VMPPT.

2.3.2. Training and performance evaluation of ANN-based MPPT for wind 
turbine system

The wind turbine’s ANN-based MPPT uses the same equations (Eq. 
(4)–(5)) as the PV system, adding wind-related features to handle fast 
fluctuations in voltage and current. The ANN achieved the best valida
tion performance of 1.5205 × 10− 6 MSE at epoch 332, as shown in 
Fig. 6. At epoch 50, the validation error dropped significantly from 100 

to 10− 5, with further reduction to 10− 6 by epoch 332. Lastly, normal
izing the data and using adaptive learning rates helped the model stay 
stable and give accurate predictions for different wind speeds.

The ANN-based controller for the wind turbine system efficiently 
performs as it achieves a regression coefficient (R = 1) on all training, 
validation, testing, and overall datasets, as illustrated in Fig. 7. The 
predicted operating voltage V̂MPPT aligns closely with the actual voltage 
VMPPT, with minimal error offset, as represented by the regression rela
tionship derived in Eq. (6) in the previous section.

2.4. Ann-based control for the hybrid energy storage system

The HESS ANN-based controller is based on the same structure used Fig. 3. Training performance of the ANN-based MPPT control for PV system.

Fig. 4. Neural network performance for PV system: training, validation, test, 
and overall.

Fig. 5. ANN architecture for wind turbine MPPT control [38].
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in PV and wind systems, but it is designed to handle the different be
haviors of the battery and SC. Fig. 8 displays the Input Layer (IL), Hidden 
Layer (HL), and Output Layer (OL). The IL processes key inputs: IBat ref , 
IBat error, ISC error, and ISC ref , essential for regulating charge–discharge 
cycles. The HL improves these signals and passes them to the OL, which 
sends the control signals δBat and δSC to optimize energy flow and system 
efficiency [39].

The input vector is defined as: 

X =

⎡

⎢
⎢
⎣

IBat ref
IBat error
ISC ref
ISC error

⎤

⎥
⎥
⎦ (10) 

In Eq. (10), IBat ref and ISC ref are the reference currents, while IBat error 
and ISC error are the current errors of the battery and SC.

The HL processes these inputs by applying activation functions, with 
the output from each hidden neuron being calculated as follows [39,40]: 

hj = f1
(
ωj1.IBat error + ωj2.IBat ref + ωj3.ISC error + ωj4.ISC ref

)
+ bj (11) 

In Eq. (11), ωj1,ωj2,ωj3,ωj4 are the weights associated with the respec
tive inputs, bj is the bias for the hidden neuron, and f1 is the activation 
function applied at the hidden layer. The output layer aggregates the 
contributions from all hidden neurons to compute the final adjustments 
for the battery and SC as follows [39,40]: 

δBat = f2

(
∑n

j=1
ω1

j .hj + bBat

)

(12) 

δSC = f2

(
∑n

j=1
ω2

j .hj + bSC

)

(13) 

In Eqs. (12)–(13), ω1
j and ω2

j are the weights connecting the hidden layer 
to the output layer for battery and SC adjustments, bBat and bSC are the 
biases, and f2 is the activation function at the output layer.

2.4.1. Training and performance evaluation of ANN-based control for 
HESS

The training process of the ANN-based control strategy for the HESS 
is assessed by monitoring the MSE is: 

MSE =
1
N
∑N

i=1
(yi − ŷi)

2 (14) 

In Eq. (14), yi are the actual target values, ŷi are the predicted outputs, 
and N is the number of samples.

In Fig. 9, the MSE reduces a lot during the beginning epochs, which 
indicates smooth learning. The results for the training, validation, and 
test datasets are very similar, and validation reaches its highest value of 
2.1489 × 10− 6 at epoch 1000. The training and test curves, shown in 
blue and red, converge towards the optimal performance, confirming 
the ANN’s effectiveness in minimizing prediction errors.

The overall performance of the ANN-based control system on HESS is 
examined by regression analysis, as indicated in Fig. 10, where the (R =
1) for all the datasets. This indicates a perfect linear relationship be
tween the predicted and actual outputs.

2.5. Proposed hybrid artificial neural network–integrated synergistic SoC- 
supervised (HANNI-S3) controller

In Fig. 11 the HANNI-S3 controller introduces a unified, intelligent 
energy management framework that tightly couples ANN-based MPPT, 
droop control, and SoC-supervised supervisory control for HMG 

Fig. 6. Training performance of the ANN-based MPPT control for Wind tur
bine system.

Fig. 7. Neural network performance for wind turbine: training, validation, test, 
and overall.

Fig. 8. Supervised feed-forward artificial neural network structure for 
HESS [39].
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applications. At the primary control level, high-bandwidth PI controllers 
with PWM modulation regulate converter currents and voltages, 
ensuring rapid dynamic response. A feed forwarding ANN-based scheme 
at the secondary level provides a decentralized power sharing and fre
quency/voltage support, which in turn mitigates the need to rely on 
constant communication. The tertiary supervisory layer combines real- 
time SoC monitoring and predictive ANN-based power optimization to 
coordinate PV, wind, battery, SC, and grid power flows, thus making 
suitable buck/boost choices and balancing charging/discharging oper
ations. This multi-layered architecture allows easy transitions in the 
event of source intermittency, optimum local power utilization, and a 
smooth grid synchronization by PLL-based control. By embedding 
decision-making both locally and at the supervisory level, the HANNI-S3 

controller ensures deterministic, delay-tolerant operation and enhances 
MG resilience, representing a significant advancement over conven
tional centralized or purely droop-based schemes.

3. Comprehensive stability and transient response analysis with 
State-of-the-Art controllers

To highlight the novelty and practical significance of the proposed 

controller, this section presents a comprehensive comparative evalua
tion with several representative state-of-the-art controllers 
[21,26,27,33]. The analysis combines frequency-domain (Bode) and 
time-domain (step) analyses and allows a comprehensive exploration of 
major performance measures such as bandwidth, phase margin, damp
ing ratio, overshoot, settling time, and the overall quality of transient 
response. This dual-domain study provides an in-depth overview of the 
dynamic behavior of the controller and underlines its ability to offer 
improved stability margins and faster, well-damped transient behavior 
than conventional systems. Equation (15) present the stability analysis 
of the HANNI-S3 Controller is based on its transfer function [41]: 

GSystem(s) =
10947.29s + 1431.74
0.165s2 + 0.01s + 5.77

(15) 

3.1. Frequency-domain evaluation

Fig. 12 shows the Bode plots for the proposed HANNI-S3 controller 
and four representative designs from the literature. The proposed 
controller maintains ≈ 0◦ phase up to ≈ 102rad/s, then rolls off 
smoothly to ≈ − 60◦ near 103rad/s and ≈ − 135◦ at 104rad/s. This 
gradual decrease supports a phase margin above 60◦ at its unity-gain 
crossover near 5 × 102rad/s, ensuring robust stability and well- 
damped transient response.

In contrast, [26] shows earlier phase lag, reaching ≈ − 60◦ already 
near 102rad/s and approaching ≈ − 180◦ by 105rad/s. This results in a 
much lower phase margin at its crossover frequency 

(
≈ 1.5 × 102rad/s

)
, 

making it more conservative but slower to respond.
Both [21] and [27] display rapid phase roll-off near 102rad/s,with 

≈ − 45◦ lag coinciding with their gain peaking. They cross − 90◦ earlier 
(
≈ 2 × 102 − 5× 102rad/s

)
, leading to reduced phase margins and 

potentially oscillatory closed-loop behavior. Their phase approaches 
≈ − 150◦ by 104rad/s, leaving little margin against instability at higher 
frequencies.

Finally, [33] exhibits a phase profile close to the proposed design, 
remaining near 0◦ up to 102rad/s and reaching ≈ − 60◦ near 103rad/s. Its 
crossover frequency is lower 

(
2 ≈ ×102rad/s

)
, resulting in a moderate 

phase margin, which is slightly below the proposed controller but still 
indicating good stability and well-controlled dynamics.

3.2. Time-domain evaluation

The step responses demonstrated in Fig. 13 highlight the superior 
dynamic performance of the proposed control scheme. The proposed 
controller exhibits an exceptionally fast and well-damped transient 
response, characterized by an ultra-short rise time (tr≈ 0.01ms) and a 
very short settling time (ts≈ 0.015ms). The absence of overshoot 

(
Mp =

0%
)

and oscillations confirms that the system operates in a critically or 
slightly over-damped regime (ζ ≥ 1). This combination ensures minimal 
transient stress on power components and excellent voltage regulation 
even under abrupt load disturbances.

In contrast, Reference [33] achieves a clean but slower response, 
with (tr≈ 1ms) and (ts≈ 1.8ms), while still maintaining zero overshoot. 
This indicates stable, non-oscillatory behavior, though its slower tran
sient performance renders it less suitable for applications requiring 
ultra-fast regulation.

Reference [21] provides a relatively faster rise time (tr≈ 0.9ms), but 
exhibits light underdamping, as evidenced by a moderate overshoot of 
(
Mp = 5 8%

)
and a longer settling time (ts≈ 4.5ms). This reflects a 

damping ratio in the range of (ζ ≈ 0.6 − 0.7), resulting in mild over
shoot but still offering a good compromise between speed and stability.

Finally, References [26] and [27] demonstrate the slowest and least 
well-damped behavior, with (tr≈ 4ms), (ts≈ 16 − 18ms), and significant 
overshoot 

(
Mp = 15 18%

)
. The pronounced oscillatory nature of the 

response, associated with a damping ratio of approximately 

Fig. 9. Training performance of the ANN-based HESS.

Fig. 10. Neural network performance for HESS: training, validation, test, 
and overall.
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(ζ ≈ 0.45 − 0.5), leads to extended transient duration and elevated 
component stress, making these controllers unsuitable for applications 
requiring tight voltage regulation and smooth dynamic performance.

Together, these results confirm that the proposed HANNI-S3 

controller delivers the widest usable bandwidth, strongest high- 

frequency noise suppression, largest phase margin without gain peak
ing, and cleanest transient response, resulting in superior voltage 
regulation and minimal component stress under load disturbances.

Fig. 11. Modeling of hybrid artificial neural network–integrated synergistic SoC-supervised controller (HANNI-S3 Controller).

Fig. 12. Bode diagram comparing the proposed HANNI-S3 controller with 
existing state-of-the-art controllers.

Fig. 13. Step response comparing the proposed HANNI-S3 controller with 
existing state-of-the-art controllers.
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4. Operational modes and energy management strategy 
algorithm for the hybrid grid connected MG system

The power management algorithm in Fig. 14 coordinates the real- 
time power flow among PV, wind, battery, SC, grid, and load compo
nents in a hybrid energy system. This proposed system operates under 
two primary power states: Excess Power Mode (EPM) and Deficit Power 
Mode (DPM). EPM is initiated when the total generated power 
PGEN > PPV +PWind exceeds the load demand PLoad. During this state, 
excess energy is used to charge the battery and SC if their SoC is within 
allowable upper limits 

(
SOCBat > SOCBat,max

)
, 
(
SOCSC > SOCSC,max

)
; 

otherwise, the surplus power is exported to the grid. In this mode, the 
battery converter operates in buck mode, indicated by Modebat,ch = 1. 
On the other hand, DPM occurs when the generated power is insufficient 
(PGEN < PLoad). The power deficit is met either by discharging the battery 
if 
(
SOCBat > SOCBat,min

)
or by drawing power from the grid. In DPM, the 

converter operates in boost mode, with Modebat,disch = 1. Battery avail
ability for operation is indicated by Modebat, which is set to 1 if within 
SoC limits, otherwise 0. Similarly, ModeSC,ch and ModeSC,disch are set to 1 
when the SC is available for charging and discharging, respectively. This 
logic guarantees that power is distributed appropriately, the battery is 
protected from overcharging and there is a smooth exchange between 
renewable power, storage and the grid.

Considering all possible value combinations of the parameters, there 
are fifteen cases that one can deal with, as shown in Table 3, which 
contains conditions on power and SoC along with their respective 
mode’s settings. All cases are discussed in detail below:

Case 1: PPV+Wind > PLoad, SOCBat < SOCBat,max,

SOCSC,min < SOCSC > SOCSC,max

In this case, the total generated power from PV and wind is greater 
than the load demand (Mode = 0), and the battery’s state of charge is 
lower than the maximum threshold (Modebat,ch = 1), which allows it to 
charge the battery. Meanwhile, the SC SoC lies between its minimum 
and maximum limits, so it is available for charging (ModeSC,disch = 1). As 
a result, the SC supports the load by handling high-frequency transients 
while the battery charges with the excess available power. Since the 

battery is not fully charged and the generated power surpasses the load, 
no power is transmitted to the grid, and the grid current is zero, ig = 0.

Case 2:PPV+Wind+Bat > PLoad, SOCBat > SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

The total power generated from PV, wind, and battery sources ex
ceeds the load demand, and thus the surplus energy is available for 
storage device (Mode = 1). The battery has sufficient SoC above its 
minimum threshold, allowing it to be discharged (Modebat,disch = 1). 
Meanwhile, the SC SoC is also above its minimum limit, enabling it to 
assist in absorbing high-frequency power components (ModeSC,disch =

1). The grid remains idle in this condition, resulting in zero grid current, 
ig = 0.

Case 3: PWind+Bat > PLoad, PPV = 0, SOCBat > SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

The combined power from wind and battery sources exceeds the load 
power, fulfilling the demand without PV contribution (Mode = 1). The 
battery has adequate SoC and is available for discharging (Modebat,disch 
= 1). The SC is also within its operational SoC range and thus remains 
active in discharging mode to handle transient and high-frequency 
power (ModeSC,disch = 1). As all power demands are met locally, the 
grid current is zero, ig = 0.

Case 4: PPV+Bat > PLoad, PWind = 0, SOCBat > SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

The PV and battery collectively supply more power than required by 
the load, enabling energy surplus management (Mode = 1). The battery 
is above its minimum SoC and actively discharges (Modebat,disch = 1). 
The SC, having sufficient SoC, assists by discharging to smooth out the 
power fluctuations (ModeSC,disch = 1). No interaction with the grid oc
curs, resulting in zero grid current, ig = 0.

Fig. 14. Flowchart of the energy management strategy algorithm of the proposed system.

Md. Badoruzzaman et al.                                                                                                                                                                                                                     Energy Conversion and Management: X 28 (2025) 101316 

10 



Case 5: PBat > PLoad, PPV&PWind = 0, SOCBat > SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

The battery alone is sufficient to power the load, as both PV and wind 
power sources are inactive (Mode = 1). Since the battery’s SoC is above 
the minimum threshold, it discharges to supply the load (Modebat = 1 
and Modebat,disch = 1). The SC also supports the transient load by dis
charging to cover dynamic components (ModeSC,disch = 1). Grid current 
remains at zero, ig = 0.

Case 6:PPV > PLoad,PWind = 0, SOCBat < SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

PV power is sufficient to meet the load, but battery is below its 
minimum SoC thresholds and thus are not available for discharging 
(Mode = 0, Modebat = 0). The SC again supports the transient load by 
discharging to cover dynamic components (ModeSC,disch = 1). The excess 
PV power cannot be stored, and the grid is used to balance the system, if 
needed. However, based on the mode settings, the grid current is 
considered zero here, ig = 0.

Case 7: PWind > PLoad, PPV = 0, SOCBat < SOCBat,min,

SOCSC,min < SOCSC > SOCSC,max

Only wind power is available and sufficient to supply the load (Mode 
= 0). The battery SoC is below the minimum level and thus inactive 
(Modebat = 0). However, the SC has sufficient SoC and is capable of 
discharging to address any rapid load variations (ModeSC,disch = 1). Grid 
current is zero, ig = 0.

Case 8:PGrid > PLoad,PPV&PWind = 0, SOCBat < SOCBat,min,

SOCSC > SOCSC,min

Here, the grid is the only power source, providing more energy than 
the load demands (Mode = 1). The battery is available for charging only 
(Modebat = 0). The SC is above the minimum SoC and is engaged in 
discharging to manage dynamic load requirements (ModeSC,disch = 1). 
The presence of surplus grid power implies energy is being stored, and 
thus ig ∕= 0.

Case 9: PPV+Wind+Grid > PLoad, SOCBat < SOCBat,min,

SOCSC > SOCSC,min

In this case, the load demand is met by the combined power from PV, 
wind, and grid (Mode = 1), as the battery’s SoC has reached its mini
mum threshold (Modebat = 1, Modebat,ch = 1), making it available only 
for charging. The SC SoC is above its minimum limit, allowing it to 
discharge (ModeSC,disch = 1). Therefore, the PV, wind, and Grid. The grid 
contributes to the load since the battery cannot store excess power, and 
the SC helps manage transient variations in load.

Table 3 
Table of all possible cases with their corresponding modes:

Case Conditions Mode’s setting

1 PPV+Wind > PLoad
SOCBat < SOCBat,max
SOCSC,min < SOCSC > SOCSC,max

Mode = 0 
Modebat = 1 
Modegrid = 0 
Modebat,ch = 1 
ModeSC,ch = 1 

2 PPV+Wind+Bat > PLoad
SOCBat > SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 0 
Modebat,disch = 1 
ModeSC,disch = 1 

3 PWind+Bat > PLoad
SOCBat > SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 0 
Modebat,disch = 1 
ModeSC,disch = 1 

4 PPV+Bat > PLoad
SOCBat > SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 0 
Modebat,disch = 1 
ModeSC,disch = 1 

5 PBat > PLoad ; PPV & PWind = 0
SOCBat > SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 0 
Modebat,disch = 1 
ModeSC,disch = 1 

6 PPV > PLoad ; PWind = 0
SOCBat < SOCBat,min
SOCSC > SOCSC,min

Mode = 0 
Modebat = 0 
Modegrid = 0 
ModeSC,disch = 1 

7 PWind > PLoad ; PPV = 0
SOCBat < SOCBat,min
SOCSC > SOCSC,min

Mode = 0 
Modebat = 0 
Modegrid = 0 
ModeSC,disch = 1 

8 PGrid > PLoad ; PPV & PWind = 0
SOCBat < SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 0 
Modegrid = 1 
ModeSC,disch = 1 

9 PPV+Wind+Grid > PLoad
SOCBat ≤ SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 1 
Modebat,ch = 1 
ModeSC,ch = 1 

10 PWind+Grid > PLoad ; PPV = 0
SOCBat ≤ SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 1 
Modebat,ch = 1 
ModeSC,disch = 1 

11 PPV+Grid > PLoad ; PWind = 0
SOCBat ≤ SOCBat,min
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 1 
Modebat,ch = 1 
ModeSC,disch = 1 

12 PPV > PLoad
SOCBat< SOCBat,max
SOCSC > SOCSC,min

Mode = 1 
Modebat = 1 
Modegrid = 1 
Modebat,ch = 1 
ModeSC,disch = 1 

13 PPV > PLoad ; PPV→PGrid
SOCBat ≤ SOCBat,max
SOCSC > SOCSC,min

Mode = 0 
Modebat = 0 
Modegrid = 1 
ModeSC,disch = 1 

Table 3 (continued )

Case Conditions Mode’s setting

14 PPV+Wind > PLoad ; PPV&Wind→PGrid
SOCBat ≤ SOCBat,max
SOCSC > SOCSC,min

Mode = 0 
Modebat = 0 
Modegrid = 1 
ModeSC,disch = 1 

15 PWind > PLoad ; PWind→PGrid
SOCBat ≤ SOCBat,max
SOCSC > SOCSC,min

Mode = 0 
Modebat = 0 
Modegrid = 1 
ModeSC,disch = 1 
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Case 10: PWind+Grid > PLoad, PPV = 0, SOCBat < SOCBat,min,

SOCSC > SOCSC,min

Here, only wind and Grid are supplying power (Mode = 1) because 
PV generation is zero. The battery is at or below its lower SoC limit 
(Modebat = 1, Modebat,ch = 1, Modebat,disch = 0), making it again only 
available for charging but can’t discharge. The SC has enough charge to 
discharge (ModeSC,disch = 1), and therefore helps support the transient 
load for a brief period. The system draws from the grid while the SC 
deals with high-frequency fluctuations due to its fast response 
characteristics.

Case 11: PPV+Grid > PLoad ,PWind = 0, SOCBat < SOCBat,min,

SOCSC > SOCSC,min

In this scenario, the power is provided by PV and Grid (Mode = 1), 
with wind generation absent. The battery SoC is below its minimum 
threshold (Modebat = 1, Modebat,ch = 1), which preventing it from dis
charging. The SC has sufficient charge to discharge for transient load 
(ModeSC,disch = 1). This configuration ensures continuity of supply while 
managing power fluctuations with the help of the SC.

Case 12: PPV > PLoad, SOCBat > SOCBat,max, SOCSC > SOCSC,min

In this case, PV generation alone exceeds the load (Mode = 1). The 
battery SoC is below its upper limit (Modebat = 1), allowing it to be 
charged (Modebat,ch = 1). The SC SoC is higher than its minimum 
threshold which allows it’s to discharge (ModeSC,disch = 1). This case 
ensures both energy storage devices charge using the surplus PV power. 
Grid power is not required, and grid current remains zero, ig = 0.

Case 13: PPV > PLoad, SOCBat < SOCBat,max, PPV→PGrid,

SOCSC > SOCSC,min

In this case, PV generation exceeds load demand, and the surplus 
power is transmitted to the grid (Mode = 0, Modegrid = 1). As the battery 
SoC is at its maximum thus battery will not charge (Modebat,ch = 0), 
while the SC is able to discharge and supports load fluctuations (ModeSC, 

disch = 1).

Case 14: PPV+Wind > PLoad, SOCBat < SOCBat,max, PPV&Wind→PGrid,

SOCSC > SOCSC,min

Here, both PV and wind provide more power than the load demand 
(Mode = 0), and the excess is transmitted to the grid. The battery is fully 
charged it is unavailable to absorb power and will remain disconnected 
(Modebat = 0). The SC is able to discharge (ModeSC,disch = 1), managing 
fast transients for brief period.

Case 15: PWind > PLoad, SOCBat < SOCBat,max ,PWind→PGrid,

SOCSC > SOCSC,min

This case shows wind generation exceeding load demand (Mode =
0), with the excess sent to the grid. As the battery SoC is at its maximum 
thus battery will not charge (Modebat,ch = 0). The SC provides discharge 
support for transient load (ModeSC,disch = 1). Similar to previous export 
scenarios, the system favors grid feed-in.

5. Results and discussion

The proposed Hybrid ANN-Integrated Synergistic SoC-Supervised 
Power Management System, shown in Fig. 1, is assessed using a grid- 
connected MG with dynamic loads. The simulations were conducted 
using MATLAB 2022a, with all models implemented in Simulink. The 
simulations used the Tustin/backward Euler solver with a fixed sample 

time of 1 × 10− 5s to accurately capture fast transient dynamics. This 
system is tested over 15 cases divided into 4 scenarios that run over 8 s. 
The effectiveness and reliability of the proposed HANNI-S3-PMS under 
the condition of rapid changes in the operating conditions is evaluated 
by different operation modes with different generation and load 
requirements.

5.1. Scenario 1: Optimal local energy utilization without grid support

From (0–2 s), Fig. 15(k) shows PV generated 4.35 kW, and the wind 
turbine supplied 2.55 kW. The load included 2.6 kW from EV and 2 kW 
from AC loads, totaling 4.6 kW. As generation exceeded demand, the 
grid was disconnected. The surplus power charged the battery, − 2.3 kW 
and SC, − 2.3 kW, with the SC managing the transient response. Between 
(2–4 s) PV output reduced to 2.2 kW, and wind power dropped to 1.95 
kW. Meanwhile, AC load increased to 4 kW, and EV load decreased to 
1.3 kW, resulting in a 5.3 kW total load. With available power at 4.15 
kW, the 1.15 kW deficit was compensated by discharging the battery. 
And SC provided 1.15 kW at transient support to maintain system sta
bility. In (4–6 s), PV was unavailable, and wind power declined to 1.35 
kW. The AC load remained at 4 kW, and the EV load increased to 2.6 kW, 
making the total demand 6.6 kW. The battery discharged at 5.25 kW, 
and the SC contributed 4.1 kW at transient response, ensuring uninter
rupted power through coordinated energy storage. The grid remained 
disconnected which resulting in grid current = 0 A. From (6–8 s) PV 
generation resumed at 3.25 kW, while the wind turbine was unavailable. 
The AC load dropped to 2 kW, and the EV load stayed at 2.6 kW. With 
lower demand, battery discharge reduced to 1.35 kW, and the SC 
absorbed − 3.9 kW during transient stabilization. DC Bus voltage was 
maintained at 50 V as shown in Fig. 15(e). Inverter output was sinu
soidal with 220.5 V RMS voltage; current varied with load at Fig. 15(f). 
Total Harmonic Distortion (THD) remained low: 0.53 % for voltage and 
1.03 % for current, confirming high power quality in Fig. 15(i,j).

5.2. Scenario 2: Transitional management during generation drop and 
source recovery

From (0–2 s), Fig. 16(k) shows both PV and wind sources were un
available. With an AC load of 2 kW and EV load of 2.6 kW, the battery 
discharged 4.6 kW, while the SC supplied an additional 4.6 kW to sup
port transient stability. Between (2–4 s), PV system becomes active, 
delivering 6.65 kW, while the wind turbine remains inactive. Load de
mand rose to 6.6 kW where the AC load and EV load were 4 kW and 2.6 
kW respectively. The battery’s SoC approached its threshold limit and 
was subsequently disconnected due to low energy availability. Never
theless, the SC discharged 6.65 kW to ensure transient support at this 
time. In (4–6 s), PV generation stopped, and the wind turbine produced 
3.35 kW. The load dropped to 3.3 kW. The battery remained inactive 
due to insufficient power. The SC supplied 3.35 kW, maintaining system 
stability under transient conditions. From (6–8 s), renewable sources 
were unavailable, and the battery remained inactive. Load demand 
peaked at 6.6 kW. To meet the power deficit, the system draws 6.6 kW 
from the grid. During transient situations, the SC added 6.66 kW to 
stabilize the voltage in the system. In addition, the DC bus voltage was 
held constant at 50 V during the simulation as displayed in Fig. 16(e). 
The inverter output exhibited stable sinusoidal voltage (220.5 V RMS) 
and load-dependent current in Fig. 16(f). THD remained low: 0.57 % for 
voltage and 1.02 % for current, well within limits demonstrated in 
Fig. 16(i,j), confirming high power quality.

5.3. Scenario 3: Grid support activation during renewable and storage 
limitations

From (0–2 s), Fig. 17(k) shows PV and wind systems supplied 2.2 kW 
and 1.25 W, respectively, while load demand was total 4.6 kW, where 
the AC and EV loads were 2 kW and 2.6 kW, respectively. The resulting 
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generation shortfall required the grid to supply 4.6 kW. With the battery 
at its minimum SoC limit, thus it could not contribute and − 3.45 kW 
power was used to charge the battery, and the SC absorbed − 3.45 kW 
during transient stabilization. Between (2–4 s), only the wind system 
remained active, generating 0.7 kW, while load demand was 3.3 kW. 
The grid supplied 3.3 kW, and the SC discharged 2.75 kW briefly to 
support system transitions and ensure voltage stability. Between (4–8 s), 
PV generation resumed with 2.2 kW from (4–6 s) and increased to 3.3 
kW at (6–8 s). Load remained constant at 6.6 kW. The grid compensated 
the deficit with 6.6 kW. The SC managed transients, absorbing − 1.5 kW 

at (4–6 s) and − 1.1 kW at (6–8 s). DC bus voltage remained stable at 50 
V, with only minor transient spikes shown in Fig. 17(e). Inverter output 
in Fig. 17(f) gave a smooth and sinusoidal shape to both the voltage and 
the current curves. THD voltage was 0.58 % and THD current was 0.81 
% as shown in Fig. 17(i,j), which are much below the acceptable limits 
and result in high power quality.

Fig. 15. (a) Solar irradiation, (b) PV voltage and current, (c) Wind speed, (d) Wind voltage and current, (e) DC link voltage, (f) Inverter voltage, Inverter current and 
Grid current (g) Battery SoC, (h) SC SoC, (i, j) THD of inverter’s output voltage and current, (k) Power management profile.
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Fig. 15. (continued).

Fig. 16. (a) Solar irradiation, (b) PV voltage and current, (c) Wind speed, (d) Wind voltage and current, (e) DC link voltage, (f) Inverter voltage, Inverter current and 
Grid current (g) Battery SoC, (h) SC SoC, (i, j) THD of inverter’s output voltage and current, (k) Power management profile.
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Fig. 16. (continued).
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Fig. 17. (a) Solar irradiation, (b) PV voltage and current, (c) Wind speed, (d) Wind voltage and current, (e) DC link voltage, (f) Inverter voltage, Inverter current and 
Grid current (g) Battery SoC, (h) SC SoC, (i, j) THD of inverter’s output voltage and current, (k) Power management profile.
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Fig. 17. (continued).

Fig. 18. (a) Solar irradiation, (b) PV voltage and current, (c) Wind speed, (d) Wind voltage and current, (e) DC link voltage, (f) Inverter voltage, Inverter current and 
Grid current (g) Battery SoC, (h) SC SoC, (i, j) THD of inverter’s output voltage and current, (k) Power management profile.
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5.4. Scenario 4: Power surplus management and export in grid-connected 
mode

From (0–2 s), Fig. 18(k) shows PV supplied 7.65 kW, with no wind 
generation. Load demand was 6.6 kW. The excess 1.05 KW was used to 
charge the battery, and the SC absorbed − 1.05 kW during the transient 
response. Between (2–4 s), PV generation dropped to 5.45 kW, while 
load demand decreased to 3.3 kW. With the battery SoC at its maximum 
SoC limit, the surplus 2.15 kW was exported to the grid, and the SC 
absorbed − 2.15 kW to maintain transient stability. At (4–6 s), wind 

generation supplied 6 kW, while PV generation reduced to 1.1 kW. The 
total load demand was 4.6 kW. Excess 2.5 kW was supplied into the grid, 
with the SC absorbed − .35 kW during transients. Between (6–8 s) wind 
power remained at 6 kW, while PV was inactive. The total load was 3.3 
kW (AC made up 2 kW and EV made up 1.3 kW). Because the battery was 
fully charged, it provided the remaining 2.7 kW to the grid. SC absorbed 
− 0.2 kW briefly to support system transitions. DC-link voltage was 
consistently held at 50 V demonstrated in Fig. 18(e), demonstrating 
strong voltage regulation. Inverter output and grid current showed clean 
sinusoidal waveforms shown in Fig. 18(f), indicating robust operation. 
THD values for voltage and current were 0.62 % and 0.52 %, respec
tively shown in Fig. 18(i,j), remaining well within standards, confirming 
high power quality and system reliability.

6. Comparative analysis

6.1. Comparison of the proposed system with the existing studies

In this section, Table 4 compares the proposed system with existing 
studies in terms of renewable source diversity, voltage regulation, dy
namic load capability, EV integration, and grid interaction. The 

Fig. 18. (continued).

Table 4 
Comparison between proposed HANNI-S3-PMS and existing MG systems:

Ref. & Authors Renewable Source Diversity DC Link Voltage Regulation Dynamic load capability EV charger integrated Grid Interaction

Maria C. Argyrou et al. (2021) Absent ± 0.625 % Unavailable No Interactive
Kuldeep Kumar and Sungwoo Bae (2022) Absent ± 4 % Unavailable No Interactive
Chandrakant L. Bhattar et al. (2023) Absent ± 4 % Unavailable No Interactive
Suchismita Patel et al. (2023) Present ±4.2 % Available No Stand-alone
Hassan Abouobaida et al. (2023) Present ±0.25 % Unavailable No Stand-alone
Ujjal Manandhar et al. (2019) Absent ±2.9 % Unavailable No Interactive
Proposed system Present ± 1.76 % Available Yes Interactive

Table 5 
Performance comparison of the proposed controller and conventional control 
methods.

Ref. [21] [24] [26] [32] Proposed

Voltage regulation 
(
VReg

)
± 2 V ± 1.92 

V ± 2.5 
V

± 2.72 
V

± 0.88 V

Maximum peak overshoot 
(MPOS)

4 % 2 % 8 % 3.4 % 1.76 %

Settling time (tss) 25 
ms

30 ms 40 ms 440 ms 10 ms
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proposed method demonstrates enhanced performance and more 
comprehensive feature integration.

6.2. Performance comparison between proposed power management and 
conventional power management strategy

Table 5 and Fig. 19 presents a quantitative comparison between the 
proposed HANNI-S3 Controller and conventional power management 
strategies. The focus of the analysis is mainly on three important per
formance measures: voltage regulation 

(
VReg

)
, maximum overshoot 

(MPOS), and settling time (tss). These are critical for assessing the 
effectiveness and dynamic stability of power management algorithms in 
HESs.

Analysis was performed on bus voltage deviations under varying 
generation and load conditions to obtain values of the metrics that are 
relevant to the real-world operation behavior. The evaluation highlights 
voltage tracking capability, response speed, and recovery behavior 
during transient events. As shown in Table 5, the HANNI-S3 Controller 
provides better voltage regulation, less peak overshoot, and quicker 
settling than the conventional power management techniques, which 
offer more consistent and efficient operation of the system.

7. Conclusion

This study presented HANNI-S3-PMS as a comprehensive solution to 
the challenges of renewable intermittency, fast transients, and storage 
degradation in HMGs. The structure integrates solar PV, wind genera
tion, battery-SC storage system, grid support and EV charging within 
one intelligent control strategy. The proposed hierarchical design com
bines fast PI regulation, ANN-based MPPT and power sharing, and a 
SoC-supervised layer with PLL synchronization. Thus, enabling seamless 
transitions between grid-connected and islanded modes. The extensive 
validation across various load patterns, renewable ramps and grid con
tingencies showed that HANNI-S3-PMS can effectively capture the 
maximum share of renewable resources with a well-regulated DC-bus, 
rapid recovery from disturbances, efficient dynamic load balancing and 
decreased dependence on the grid along with reduced battery stress. 
These results show that HANNI-S3-PMS delivers high adaptability, sta
bility, and computational efficiency without relying on heavy optimizers 
or pre-tuned parameters, offering a scalable, data-driven solution for 
next-generation smart MGs.

Despite these promising results, some limitations remain. Such as the 
validation was done under simulation conditions, so, hardware-level 
uncertainties along with communications delay and long-term degra
dation effects were still to be considered. In addition, though ANN-based 
controllers produced excellent performance for the considered cases, 
their behavior during faults or scaling up the system is still to be 
investigated.

Future work will address these challenges through hardware-in-the- 

loop testing, edge computing deployment, and predictive deep-learning 
control to manage weather uncertainty, load variability, and user 
behavior. Extending the framework to coordinate multiple HANNI-S3- 
PMS units across interconnected MGs and implementing market-based 
optimization will further enable peer-to-peer energy trading and 
active participation in grid services.
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