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Abstract:
This work focuses on optimal sizing of rooftop photovoltaic (PV) systems and battery energy storage systems
(BESS) for grid-connected houses (GCHs) to minimize electricity costs under flat and time-of-use (TOU) rate
structures. The research employs Artificial Protozoa Optimization (APO) algorithm to create a cost-effective
optimization model, considering grid constraints, solar and load profiles, component costs, and degradation
effects. Deep analyses explore the impact of electricity rate variations and grid limitations on system sizing
and expenses. A rule-based energy organization system is used to optimize power flow amongst PV, BESS,
load, and grid connections. The study compares Particle Swarm Optimization (PSO) and Artificial Protozoa
Optimization (APO) algorithms across different tariff scenarios: flat-flat, TOU-flat, flat-TOU, and TOU-TOU.
APO consistently outperforms PSO, achieving lower net present cost (NPC) and cost of energy (COE) while
optimizing system power output and storage capacity. In various pricing scenarios, the APO algorithm
consistently outperformed PSO, achieving significantly lower Net NPC and COE with optimized PV and
BESS configurations. APO proved more effective in minimizing costs across TOU-TOU, flat-flat, and
TOU-flat scenarios These findings highlight APO’s superior performance in cost and efficiency optimization
for grid-linked solar PV and BESS approaches.
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1. Introduction
The integration of rooftop solar photovoltaic systems
with battery energy storage systems in grid-connected
houses has gained significant attention as an effective
solution for reducing electricity costs and enhancing
energy sustainability. The economic viability of such
Systems is highly influenced by electricity pricing struc-
tures, grid constraints, and component degradation over
time. The worldwide on and off-grid PV installation is
shown in figure 1. Around 99.6% of today’s installed
PV capacity is connected to the grid. The proportion
of off-grid systems compared to the total cumulative
systems has roughly halved over time from just under
1% in 2010 to 0.43% in 2023. India has achieved the

5th rank in the world in solar power deployment. As of
30-06-2023, solar projects of a capacity of 70.10 GW
have been commissioned in the country. The capacity
of 70.10 GW includes 57.22 GW from ground-mounted
solar projects, 10.37 GW from rooftop solar projects,
and 2.51 GW from off-grid solar projects from MNRE
[1].

In [3], a new approach for optimizing the size of
grid-connected PV systems for residential applications,
specifically targeting a house in Tunisia, is presented. The
objective of this work is to maximize system profitability
and reliability over 20 years. The optimization imple-
mented is PSO. This paper defined two multi-objective
functions. The first aims to maximize the Net Present
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Figure 1. Global on-grid and off-grid PV installation [2].

Value (NPV), focusing on economic benefits, while the
second aims to minimize the Loss of Power Supply Prob-
ability (LPSP). Simulation results showed that the PSO
algorithm outperformed the Genetic Algorithm (GA) in
terms of convergence speed and solution quality. The
study concluded that PSO-based optimization is better
suited for finding economically feasible solutions with
minimal components, while minimizing LPSP leads to a
more reliable but less profitable system. In [4], an energy
management method in conjunction with the PSO algo-
rithm was discussed to optimize energy cost. This work
differed from prior studies by optimizing both PV and
BESS sizes while using a grid-connected self-sustaining
microgrid structure. The energy management algorithm
is dynamic and can be reconfigured based on system
constraints. In [5] the PSO method is implemented with
a residential grid-linked PV system with proper power
management in the battery during peak and off-peak
hours. PSO method optimizes the battery capacity and
reduces the operation cost. Real-time PV data from
Strathmore University is demonstrated in this work.

In [6], the annual system cost (ASC) and loss of load
supply probability (LLSP) are used to optimize PV en-
ergy cost and battery system. A hybrid optimization
method was presented, combining simulated annealing
and harmony search algorithms. Simulation results show
that increasing PV and battery storage size enhances
system reliability at a higher cost. The optimal operation
of batteries in standalone and grid-connected microgrids
was examined in [7]. Reducing energy losses in DC
microgrids, decreasing CO2 emissions from conven-
tional generators, and lowering running costs are the
target functions taken into consideration here. Three
parallel optimization methods were used in the process:
Parallel Ant Lion Optimizer (PALO), Parallel Vortex
Search Algorithm (PVSA), and Parallel Particle Swarm

Optimization (PPSO). The techniques are used to as-
sess system performance and optimize hourly power
flow. According to the results, efficiency is increased
by employing parallel optimization techniques; PPSO
performs better in reducing energy losses and operating
expenses.

In [8], the optimization of PV and BESS sizing in
grid-connected microgrids was discussed. An energy
management strategy alongside the PSO algorithm to de-
termine the optimal sizes of PV and BESS was discussed.
The MG is designed to operate in both standalone and
grid-connected modes, with limited grid energy demand
to minimize costs. The study compares the PSO results
with those obtained from the GA algorithm. The results
suggest that a well-configured energy management sys-
tem, combined with optimal PV and BESS sizing, can
significantly reduce operational costs. In [9], the Grey
Wolf Optimization (GWO) technique to address load
dispatch issues and optimize microgrid performance by
effectively sizing battery systems was discussed. The
research compared GWO with other established optimiza-
tion algorithms, such as GA, PSO, Bat Algorithm (BA),
and Improved Bat Algorithm (IBA), across different
operational scenarios. GWO demonstrates superior per-
formance in terms of solution quality and computational
efficiency. Simulation results show that GWO effectively
reduces operational costs by 33.185% compared to the
other methods. A comparison of ten metaheuristic op-
timization algorithms to solve the sizing problem for a
standalone hybrid renewable energy system, incorporat-
ing PV/WT/Battery by [10]. The primary objective of
the optimization is to minimize the total net present cost
(TNPC) while maintaining system reliability, measured
through the Deficiency of Power Supply Probability
(DPSP). The study also considers additional criteria such
as the levelized energy cost (LEC) and the relative excess
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power generated (REPG). Flower Pollination Algorithm
(FPA) and Simulated Annealing (SA) emerged as the
most reliable and accurate algorithms, with no deviation
in the TNPC values across runs. SA demonstrated an op-
timal balance between robustness, accuracy, and speed,
making it the best choice for solving the hybrid system’s
sizing problem. A new day-ahead scheduling model
using the hybrid shuffled frog leaping and pattern search
(HSFLA-PS) algorithm for a grid-connected microgrid
is discussed in [11]. By considering real environmental
data for different seasons and days, this approach im-
proves the operational efficiency of the microgrid. The
hybrid algorithm proves to be computationally efficient,
providing accurate and optimized results. The study
underscores the importance of managing uncertainties in
DER outputs to enhance the reliability and performance
of microgrids. Improved Harmony search algorithm is
used in [12] to determine the size of BESS and with an
objective function of minimizing total average operating
cost. According to the availability of PV power, the
BESS is optimized. A methodology for minimizing the
operating costs of microgrids by optimizing the power
allocation of distributed generators (DGs) and BESS
was discussed in [13]. The use of Accelerated PSO,
APSO, JAYA, and Linear Programming with Interior
Point (LP-IP) algorithms is explored. Among these, the
LP-IP approach demonstrates superior performance in re-
ducing the overall operating cost while ensuring optimal
sizing of BESS. The study highlights the significance
of proper energy management techniques to maximize
the benefits of microgrid operation, particularly in sce-
narios with intermittent renewable sources. In [14], the
Tabu Search Algorithm (TSA) is employed to solve the
optimal sizing problem for an off-grid clean microgrid
system based on solar and battery energy storage. By
minimizing the total life cycle cost and considering the
reliability constraints, the study offers a comprehensive
evaluation of the system’s configuration. The TSA ap-
proach is effective in finding optimal solutions, making
it suitable for rural areas with limited access to the main
grid. The use of PSO for optimizing the size of mi-
crogrid components, including PV panels and BESS,
to minimize the total annual cost (TAC) over a 20-year
project lifetime was discussed in [15]. The PSO algo-
rithm is compared with the Iterative Search Based (ISB)
algorithm, with PSO showing faster simulation times
and optimal BESS sizing to meet energy demands. The
study by [16] explored the use of GWO and Whale Op-
timization Algorithm (WOA) to determine the optimal
number of bifacial PV panels for grid-connected systems.
The algorithms consider factors such as available space,
energy production goals, and budget constraints. Both
methods yield efficient and effective solutions, with WOA
outperforming GWO in terms of optimization criteria.
This research demonstrates the potential of advanced
algorithms in enhancing the performance of solar energy
systems and reducing overall costs. A Hybrid Grey
Wolf Cuckoo Search Optimization (GWCSO) algorithm
is presented for optimal sizing of system components,

outperforming traditional GWO in minimizing costs and
ensuring system robustness in [17]. The results show
that GWCSO yields lower NPC and Levelized Cost of
Energy (LCOE) compared to GWO, making it a more
accurate and reliable optimization method for hybrid
renewable systems. This study focuses on a hybrid grid-
connected microgrid combining wind, PV, biomass, and
energy storage systems. Diab et al. [18] addresses the
design of a stand-alone microgrid for supplying safety
loads during emergencies at a nuclear power plant in
Egypt. The microgrid incorporates PV FC and battery
storage. Three recent optimization algorithms Equi-
librium Optimizer (EQ), Bat Optimization (BAT), and
Black-Hole-Based Optimization (BHB) are applied to
optimize the microgrid design. The Equilibrium Op-
timizer (EQ) algorithm delivers the best performance,
offering the lowest objective function value. Although
the cost of energy (COE) for the EQ-based design is
slightly higher than that of the BAT algorithm, EQ’s
reliability index is superior, which justifies the higher
COE. The integration of wind and PV, in grid-connected
and stand-alone microgrids, was presented in [19]. Due
to the intermittency of these resources, BESS is essential
for ensuring grid stability. The paper investigates the
required BESS sizes for both grid-connected and stand-
alone configurations over 12 months, considering hourly
wind power potential. Table 1 represents inference of
various optimization methods used for optimal sizing
and cost minimization.

In [20], a mixed linear integer problem, using intel-
ligent control rules and optimization algorithms such
as PSO, GA, and Flower Pollination Algorithm for the
economic dispatch was presented. A case study based
on data from Southwestern Australia demonstrates that
intelligent control of batteries can significantly reduce
the generation cost by 6.5% in islanded mode, 7.6% in
grid-connected (no export) mode, and 11.5% in grid-
connected (export) mode. The payback time for the
investment in battery systems is shown to be approxi-
mately 2.7 to 2.8 years across all operating modes. In
[22], a model of a hybrid microgrid that integrates PV,
wind, and diesel generators along with battery storage
was explored. The study aims to determine the opti-
mal sizing of the microgrid components to minimize
the COE while improving system reliability, measured
by the loss of power supply probability. Several opti-
mization algorithms are applied, including WOA, Water
Cycle Algorithm (WCA), Moth-Flame Optimizer (MFO),
and a hybrid Particle Swarm Optimization-Gravitational
Search Algorithm (PSOGSA). In [21], the optimal design
of a wind-battery hybrid microgrid system using various
battery technologies, such as Nickel-Iron, Lithium-Ion,
and Lead-Acid (LA) batteries, was examined. The focus
is on reducing system costs and improving reliability
in off-grid areas. The authors propose a mathematical
model for assessing the operation cost and reliability,
and they introduce an improved harmony search meta-
heuristic algorithm to optimize the system design. The
method is compared with the original harmony search
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Table 1. Inference of various optimization methods used optimal sizing and cost minimization.

Ref No. Sources Considered Optimal Sizing Methods Used Cost Type Target Method Compared

[1] PV PV, BESS PSO, GA Net Present Value (NPV)
Maximize profitability,

minimize LPSP
GA

[3] PV and Battery Battery capacity PSO Annual capacity cost
Minimize operation

cost
-

[4] PV and Battery PV, Battery
Simulated Annealing,

Harmony Search
Annual System Cost

Minimize system cost,

LLSP
-

[5] PV and Battery
Hourly power flow,

Battery
PPSO, PVSA, PALO

Energy Fixed cost,

Variable cost

Minimize energy losses,

operating cost
PVSA, PALO

[6] PV, Wind and Battery PV, BESS PSO, GA
Benefit-cost ratios and

Net present value
Minimize costs GA

[7]
PV, Wind, Fuel cell,

Micro turbine and Battery
Battery GWO

Best, Mean and Worst

operation cost

Minimize operational

costs
GA, PSO, BA, IBA

[8] PV, WT, Battery PV, WT, Battery FPA, SA TNPC Minimize TNPC -

[11]
Distributed generators

and BESS
DGs, BESS APSO, JAYA, LP-IP

Total operating cost

for 24 hours

Minimize operating

costs
JAYA, LP-IP

[12] Off-grid PV and BESS PV, BESS
Tabu Search

Algorithm
Total life cycle cost

Minimize total

cycle cost
-

[13] PV, BESS PV, BESS
PSO, Iterative-

Based Search
Total Annual Cost

Minimize total

annual cost
ISB

[14]
Grid-connected bifacial PV

system and Inverter
PV, battery, Inverter GWO, WOA

System,

maintenance and

replacement cost

Optimize energy

production
GWO

[15]
Wind, PV,

biomass, BESS
System components GWCSO NPC, LCOE

Minimize costs,

ensure robustness
GWO

[16]
Standalone microgrid for

a nuclear power plant

PV, Fuel Cells,

BESS

Equilibrium Optimizer,

Bat Optimization,

Black Hole-Based

Optimization

COE, Loss of power

supply probability

Minimize costs during

emergencies
BAT, BHB

[17]
PV with BESS for the

isolated community
PV, BESS

Multi-Objective Particle

Swarm Optimization
Operation cost of DG

Minimize cost,

maximize reliability
-

[18] PV, wind and Battery PV, Wind, Battery
Enhanced Genetic

Algorithm,

SA

Levelized Energy Cost Minimize LEC SA

[20] PV and BESS PV, BESS Artificial Bee Colony NPC Minimize NPC -

[21]
Off-grid microgrid for

rural electrification
PV, BESS WOA, GA TNPC Minimize TNPC GA

algorithm, showing a 13.5% reduction in total cost and
1.5% faster simulation time. A modified artificial bee
colony optimization method to determine the optimal
sizing, location, and scheduling of these systems to re-
duce costs and improve efficiency was presented in [23].
The study emphasizes load demand management, non-
essential load shifting, and the use of Coulomb Counting
for accurate battery estimation. It demonstrates the en-
vironmental benefits of integrating solar PV into rural
energy systems, such as reduced CO2 emissions and 24/7
power availability. An isolated microgrid in a remote
area in Assiut, Egypt, which comprises a PV system, a
diesel generator, and BESS was discussed in [24]. It
presents a methodology to minimize the NPC using
three meta-heuristic algorithms: GA, the crow-search
algorithm (CSA), and GWO. The study compares these
techniques to determine the optimal sizing of the diesel
generator and BESS capacity, while considering opera-

tional costs, battery replacement, and system stability.
PVSYST software is used to simulate the PV system,
ensuring accurate results and factoring in shading losses.

An isolated microgrid in a remote area in Assiut, Egypt,
which comprises a PV system, a diesel generator, and a
BESS. was presented in [25]. It gives a methodology to
minimize the NPC using three meta-heuristic algorithms:
GA, CSA, and GWO. The review by [26] focuses on
optimizing PV-battery systems in the residential sector to
reduce electricity bills, grid dependence, and emissions.
The paper identifies critical parameters influencing the
planning process, including economic and technical
factors, energy management systems, design constraints,
and optimization algorithms. It also reviews state-of-the-
art approaches and challenges in this field, emphasizing
the need for new guidelines based on electricity rates
and demand response programs.

In [27], an ensemble nonlinear model predictive con-
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trol (EnNMPC) strategy is presented for short-term dis-
patch optimization, considering electricity trading costs,
battery degradation, and operational constraints. This
approach effectively minimizes operational costs despite
uncertainties using real-world datasets. Similarly, in
[28], a nonlinear model predictive control (NMPC) tech-
nique combined with dynamic programming has been
used to optimize short-term power flow in PV-BESS sys-
tems, reducing electricity costs while mitigating battery
degradation. These studies highlighted the importance
of predictive control methods in ensuring cost-effective
energy management. A study utilizing Walrus Opti-
mization Algorithm (WaOA), Coati Optimization Al-
gorithm (COA), and Osprey Optimization Algorithm
(OOA) demonstrated significant cost reductions in a
grid-connected hybrid system incorporating PV, wind,
and fuel cell technologies. The results showed WaOA
achieving a COE of 0.5175 $/kWh, outperforming tra-
ditional algorithms such as PSO and GWO [29]. While
this study emphasizes multi-source energy integration,
there is limited exploration of advanced metaheuristic
techniques specifically for standalone PV-BESS systems.
In [30], research on the technical-economic analysis of
BESS sizing in energy markets has proposed a decision-
support tool integrating Microsoft Excel and PowerApps
to evaluate BESS feasibility for commercial consumers.
By analyzing historical energy data over 8760 hours, this
approach provides a practical framework for comparing
BESS with diesel generators, demonstrating its viability
in Brazil’s free energy market. Several studies have
explored performance assessment and optimization tech-
niques for grid-connected solar PV systems to enhance
energy generation and efficiency [31]. This research
evaluates a 5 MW solar PV plant using PV system soft-
ware and real-time SCADA data, highlighting the close
correlation between simulated and actual performance
metrics. Additionally, the study presented optimization
using Tabu Search (TS) and PSO, concluding that PSO
effectively maximizes energy output, financial returns,
and reduces the payback period.

1.1 Problem statement

The integration of PV systems and battery energy storage
(BES) has emerged as an important approach in mod-
ern energy management, particularly for grid-connected
households aiming to reduce electricity costs and en-
hance sustainability. However, despite the increasing
interest, there remain significant challenges in determin-
ing the optimal sizing and operation of these systems.
Most studies have focused on specific geographic or
economic conditions, such as in Tunisia or isolated mi-
crogrids, and often neglect the dynamic nature of energy
prices, varying demand patterns, or grid conditions that
affect system performance. Furthermore, the reliance on
simplified assumptions, such as constant energy prices
or limited consideration of battery degradation, may lead
to suboptimal configurations that fail to address real-
world complexities. There is also limited exploration of
advanced metaheuristic algorithms for holistic optimiza-

tion, which can offer superior performance in balancing
cost minimization and energy efficiency in PV-BES in-
tegration. Additionally, challenges such as regulatory
hurdles, system reliability, and the environmental impact
of different configurations remain underexplored. There-
fore, there is a need for a comprehensive approach that
leverages modern optimization techniques to develop
adaptable and cost-effective PV-BES systems for GCHs
under diverse operating conditions.

To overcome the above problems, a new APO algo-
rithm is proposed in [32]. The APO algorithm was
chosen due to its ability to balance exploration and
exploitation, preventing premature convergence and en-
suring optimal solutions in nonlinear, multi-objective
optimization problems like PV-BESS sizing. Compared
to traditional methods such as PSO and GA, APO offers:

• Better adaptability to variable conditions such as
dynamic energy pricing and demand variations.

• Improved efficiency in finding the global optimum,
for its foraging, dormancy, and reproduction mech-
anisms inspired by protozoa.

• Faster convergence with lower computational cost,
making it more suitable for real-time and complex
optimization problems.

The novelty of this paper lies in the application of the
APO algorithm for the optimal sizing and cost mini-
mization of grid-connected solar PV and battery energy
storage systems under various pricing structures. While
many optimization techniques such as PSO, GA, and
GWO have been explored in prior studies, this paper
introduces APO, which improves exploration and ex-
ploitation balance, avoids local optima, and dynamically
adapts to environmental conditions. The comparative
analysis with PSO demonstrates APO’s superior per-
formance in terms of NPC, COE and energy exchange
between PV, BESS, and the grid.

1.2 Contribution
The main contribution of the paper is given as follows,

• Developed an optimal sizing methodology for grid-
connected PV-BESS systems under four different
pricing models (Flat-Flat, TOU-Flat, Flat-TOU,
TOU-TOU), addressing cost-effectiveness in vari-
able electricity pricing scenarios, which has not
been extensively explored in prior works, especially
for Indian residential energy consumers.

• Introduced APO as a novel metaheuristic optimiza-
tion technique for PV-BESS system sizing, offering
superior global search capability compared to ex-
isting methods. Demonstrated APO’s effectiveness
over traditional algorithms (PSO, GA, GWO) by
achieving better convergence, avoiding local op-
tima, and dynamically adapting to cost variations
and environmental conditions.

• Conducted a detailed performance comparison of
APO and PSO across multiple tariff structures,
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proving APO’s superiority in reducing NPC and
COE. Results showed that APO reduced NPC and
COE, highlighting its better optimization efficiency
and energy management performance.

• Conducted a case study using real-world Indian
pricing and weather data, incorporating power flow
analysis, battery state of charge (SOC) trends, and
sensitivity analysis. Addressed practical challenges,
including battery degradation, grid constraints, and
energy import/export optimization, providing com-
prehensive insights for residential PV-BESS deploy-
ment.

1.3 Structure of the paper
The paper is organized into the following sections: The
review of various algorithms used in optimal sizing is
presented in section 1. Section 2 describes the energy
management in the proposed system and the objective
function. Section 3 and 4 provides a detailed analysis
optimization model and proposed APO algorithm and
PSO for optimal sizing. A case study and simulation
analysis and its results is presented in section 5 and 6
respectively. A summary of the work done is presented
in section 7.

2. Energy management
A grid-linked PV scheme integrated with rooftop solar
panels is represented in figure 2. The PV modules
convert sunlight into electrical energy, which is then
fed into an inverter. The inverter transfers the DC into
AC energy, making it suitable for household use and
capable of being fed into the grid. The PV scheme is
linked to the primary electrical grid, which can accept
surplus power produced by the PV system or deliver
electricity to the household load. The load consists
of the domestic electrical devices or appliances that
consume power. The power flows within the system are
represented by various symbols: 𝑃𝑜 indicates the output

power from the inverter, which can be focused on either
the load or the grid; 𝑃𝐿 is the power provided to the
load. 𝑃𝑖 is the power imported after the grid to change
the load demand when the PV production is inadequate.
𝑃𝑒 is the excess power exported to the grid when the PV
generation surpasses the load demand and 𝑃𝑑 signifies
the power that is dumped or curtailed. Dumped power
indicates any excess power that is not used by the load
or exported to the grid, which can occur due to system
constraints or inefficiencies. This diagram illustrates
the balance and flow of electrical energy between the
rooftop PV scheme, the load, and the grid, highlighting
how surplus power can be managed and utilized within
the system.

The power flow involving the PV, load, and grid is
managed by the Home Energy Management System
(HEMS). In this setup, excess power is sold to the grid
while taking the grid constraint into account if the power
generated by the PV (𝑃𝑜) is more than the domestic load
(𝑃𝐿). As a result, the price of selling power to the grid
(𝑃𝑒) may be expressed in equation (1)

𝑃𝑒 (𝑡) = 𝑃𝑜 (𝑡) − 𝑃𝐿 (𝑡) (1)

The excess electricity from rooftop photovoltaics is dis-
carded if it surpasses the grid constraint (𝑃𝑒,max). It
should be noted that the inverter’s control system dumps
the power that is considered dumped; this power is not a
bodily burden. Equation (2) gives formula that can be
used to get the dumped power (𝑃𝑑):

𝑃𝑑 (𝑡) = 𝑃𝑜 (𝑡) − 𝑃𝐿 (𝑡) − 𝑃𝑒,max (2)

However, if the electricity supplied by the rooftop photo-
voltaic system is insufficient to cover the load, the excess
power needs to be bought from the grid. Equation (3)
represents the purchased power (𝑃𝑖) from the grid:

𝑃𝑖 (𝑡) = 𝑃𝐿 (𝑡) − 𝑃𝑜 (𝑡) (3)

Figure 3 represents an enhanced grid-linked PV scheme
that integrates rooftop solar panels and a battery storage

Figure 2. Grid-linked PV, Grid and Load.
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Figure 3. Grid-linked PV, Grid, load with battery.

system. The rooftop PV panels convert sunlight into
electrical power, which is then fed into an inverter to
be converted into AC power, making it suitable for
household use and grid integration. This scheme is linked
to the main electrical grid, allowing for bidirectional
power flow. The components and power flows include
the rooftop PV panels generating DC power, the inverter
converting DC to AC power, and the battery storage
system managed by an additional inverter. The main
electrical grid can supply power to the household load
or receive excess power produced by the PV scheme.
The household load consists of electrical devices or
appliances that consume power. The power flows are
represented as follows: 𝑃𝑜 is the yield power from the
primary inverter, directed to the load, the grid, or the
battery system; 𝑃𝐿 is the power supplied to the load, 𝑃𝑖
is the power imported from the grid when PV generation
and battery supply are insufficient, 𝑃𝑒 is the surplus
power exported to the grid when PV generation exceeds
load demand and battery storage is full, 𝑃𝑑 is the power
dumped or curtailed, representing excess power not used
by the load, stored in the battery, or exported to the grid,
𝑃𝑖𝑏 is the power directed to the battery for charging; and
𝑃𝑜𝑏 is the power output from the battery to supply the
load or support the grid.

The HEMS regulates the flow of electricity between
the PV, BESS, load, and grid in this system. When the
rooftop PV system’s produced power surpasses the load,
the excess power first charges the BESS while taking
the battery’s available input power limit into account.
The battery’s (𝑃𝑖𝑏) charging power can be expressed in
equation (4):

𝑃𝑖𝑏 (𝑡) = 𝑃𝑜 (𝑡) − 𝑃𝐿 (𝑡) (4)

When PV power surpasses the battery’s load and input
power limits, surplus power is offered to the grid while
taking grid constraints into account. The power man-
agement is represented from equations (5) to (11). The

exported electricity to the grid is represented as

𝑃𝑒 (𝑡) = 𝑃𝑜 (𝑡) − 𝑃𝐿 (𝑡) − 𝑃𝑖𝑏 (𝑡) (5)

The following is how more power can be released

𝑃𝑑 (𝑡) = 𝑃𝑜 (𝑡) − 𝑃𝐿 (𝑡) − 𝑃𝑖𝑏 (𝑡) − 𝑃𝑒,max (6)

However, if the power provided by the PV scheme is
insufficient to connect the load, the BESS’s discharge
power can make up the difference, considering the bat-
tery’s maximum output power. The battery’s (𝑃𝑜𝑏)
discharging power may be written as follows:

𝑃𝑜𝑏 (𝑡) = 𝑃𝐿 (𝑡) − 𝑃𝑜 (𝑡) (7)

If the battery’s maximum output power is insufficient to
meet the whole load, the shortfall is imported from the
grid in the manner described below:

𝑃𝑖 (𝑡) = 𝑃𝐿 (𝑡) − 𝑃𝑜 (𝑡) − 𝑃𝑜𝑏 (𝑡) (8)

For every period (Δ𝑡), the SOC of the battery is deter-
mined by

𝑆𝑂𝐶 (𝑡 +Δ𝑡) = 𝑆𝑂𝐶 (𝑡) +
(𝑃𝑖𝑏 (𝑡)𝜂𝑖𝑏 − 𝑃𝑜𝑏 (𝑡 )

𝜂𝑜𝑏
)Δ𝑡

𝐸𝑏
(9)

where 𝐸𝑏 is the battery capacity and 𝜂𝑖𝑏 is the import
efficiency of the battery. The BESS power (𝑃𝑖𝑏) and
power output (𝑃𝑜𝑏) available limitations are determined
by

𝑃𝑖𝑏 (𝑡) =
𝐸𝑏

Δ𝑡
(𝑆𝑂𝐶max − 𝑆𝑂𝐶 (𝑡)) (10)

𝑃𝑜𝑏 (𝑡) =
𝐸𝑏

Δ𝑡
(𝑆𝑂𝐶 (𝑡) − 𝑆𝑂𝐶min) (11)

3. Optimization model
The model’s objective function, the system’s design
restrictions, and the optimization process are all included
in the ideal sizing.
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3.1 Objective function
The main objective is to reduce the overall NPC. The NPC
of factors (𝑁𝑃𝐶𝑠) and the NPC of electricity replacement
with the grid (𝑁𝑃𝐶𝑔) may be used to calculate the total
NPC (𝑁𝑃𝐶𝑡 ) in the following equation (12)

𝑁𝑃𝐶𝑡 = 𝑁𝑃𝐶𝑠 + 𝑁𝑃𝐶𝑔 (12)

The NPC of components may be determined using the
capital cost (𝑃𝐶𝑐), replacement current cost (𝑃𝐶𝑟 ), main-
tenance current cost (𝑃𝐶𝑚), and the redemption value
of PV and BESS.

Thus, the following formula (equation (13)) may be
used to get the 𝑁𝑃𝐶𝑠:

𝑁𝑃𝐶𝑠 =𝑁𝑏
(
𝑃𝐶𝑐 (𝑏) ) + 𝑃𝐶𝑚(𝑏) + 𝑃𝐶𝑟 (𝑏) − 𝑃𝐶𝑠 (𝑏)

)
+

(13)
𝑁𝑝𝑣

(
𝑃𝐶𝑐 (𝑝𝑣) ) + 𝑃𝐶𝑚(𝑝𝑣) + 𝑃𝐶𝑟 (𝑝𝑣) − 𝑃𝐶𝑠 (𝑝𝑣)

)
where the BESS and PV systems are denoted by the
subscripts 𝑏 and 𝑝𝑣, respectively, and 𝑁𝑏, 𝑁𝑝𝑣 are the
number of components in the battery and PV system.
The initial project expenditure is known as the investment
cost for PV and BESS. Equation (14) may be used to
determine the components’ replacement current cost:

𝑃𝐶𝑚 = 𝐶𝑚
1

(1 + 𝑖𝑟)𝑀 (14)

The equation (15) can be used to calculate the elements’
present maintenance costs:

𝑃𝐶𝑟 = 𝐶𝑟
(1 + 𝑖𝑟)𝑀 − 1
𝑖𝑟 (1 + 𝑖𝑟)𝑀 (15)

The components’ salvation value can be stated using
equation (16):

𝑃𝐶𝑠 = 𝑁 ∗ 𝑃𝐶𝑐 ×
𝑅

𝑀 ′ (16)

where 𝑅 is the component’s remaining lifespan after the
project’s lifetime and 𝑀 is its lifetime. PV expertise
lifespan is typically specified by the manufacturer. How-
ever, the capacity degradation during system operation
determines the BESS lifespan, which is attained when
the deterioration reaches 20%. Based on a battery’s state
of charge (𝑆𝑂𝐶), the depth of discharge (𝐷𝑂𝐷) is used
to compute the capacity degradation of BESS.

𝐷𝑂𝐷 (𝑡) = 1 − 𝑆𝑂𝐶 (𝑡) (17)

Determining the number of cycles and the corresponding
𝐷𝑂𝐷 is necessary to compute battery deterioration.
This study used the Rainflow cycle counting technique to
obtain all battery cycle data from the yearly 𝐷𝑂𝐷. The
appropriate experimental model was developed using
the calendar lifetime and accelerated experimental cycle
testing under various stress components and stress levels
of BESS acquired. For the system’s yearly operation, the
total deterioration of the battery (𝑇𝐵𝐷) is represented
as follows:

𝑇𝐵𝐷 =
∑︁
𝑐

𝐵𝐷 (𝑐) (18)

where, 𝐵𝐷(𝑐) is the battery degradation for each cycle.
Typically, the rate of inflation (𝑒𝑟) that drives up the

cost of power is higher than the rate of interest (𝑖𝑟). As a
result, the interest rate on electricity (𝑖𝑒) may be written
like this:

𝑖𝑒 =
𝑖𝑟 − 𝑒𝑟

1 + 𝑒𝑟
(19)

The following formula is used to determine the NPC
of electricity as a purpose of the new interest rate on
electricity and the yearly power cost:

𝑁𝑃𝐶𝑔 = 𝐶𝑔
(1 + 𝑖𝑒)𝑛 − 1
𝑖𝑒(1 + 𝑖𝑒)𝑛 (20)

The yearly cost of electricity, or 𝐶𝑔, is determined by
factoring in the electricity that is bought, sold, and the
rates that go along with it.

𝐶𝑔 =

𝐾∑︁
𝑡=1

𝐼 (𝑡)𝑃𝑖 (𝑡) × Δ𝑡 −
𝐾∑︁
𝑡=1

𝐸 (𝑡)𝑃𝑒 (𝑡) × Δ𝑡 (21)

Design limitations
The constructed optimization model was subject to sev-
eral design limitations, which are outlined below equa-
tions (22)-(26).

0 ≤ 𝑃𝑜 (𝑡) ≤ 𝑃𝑜,max (22)

0 ≤ 𝑃𝑖𝑏 (𝑡) ≤ 𝑃𝑜𝑏 (𝑡) and 0 ≤ 𝑃𝑖𝑏 (𝑡) ≤ 𝑃𝑜𝑏 (𝑡) (23)

𝑆𝑂𝐶min ≤ 𝑆𝑂𝐶 (𝑡) ≤ 𝑆𝑂𝐶max (24)

𝑃𝑏 (𝑡) + 𝑃𝑜𝑡 (𝑡) + 𝑃𝑖 (𝑡) − 𝑃𝑒 (𝑡) ≥ 𝑃𝐿 (𝑡) (25)

0 ≤ 𝑃𝑒 (𝑡) ≤ 𝑃𝑒,max (26)

3.2 Cost of electricity
The relationship of net yearly expenditure to net annual
residential power usage is known as the 𝐶𝑂𝐸 . The
following formula is used to determine the 𝐶𝑂𝐸 , which
was utilized to compare the calculated procedures in this
analysis:

𝐶𝑂𝐸 =
𝑁𝑃𝐶𝑠 × 𝐶𝑅𝐹𝑠 + 𝑁𝑃𝐶𝑔 × 𝐶𝑅𝐹𝑔

𝐸𝐿
(27)

The following formula is used to determine the GCH’s
yearly electricity demand (𝐸𝐿):

𝐸𝐿 =

𝐾∑︁
𝑡=1

𝑃𝐿 (𝑡) × Δ𝑡 (28)

Component and power exchange costs have distinct for-
mulas for the capital recovery factor (𝐶𝑅𝐹).

𝐶𝑅𝐹𝑠 =
𝑑𝑟 (1 + 𝑑𝑟)𝑛
(1 + 𝑑𝑟)𝑛 − 1′

(29)

𝐶𝑅𝐹𝑔 =
𝑑𝑒(1 + 𝑑𝑒)𝑛
(1 + 𝑑𝑒)𝑛 − 1

(30)

4. Artificial protozoa optimizer
This section provides an overview of the APO procedure,
starting with an explanation of its source. We then
provide geometric methods that simulate protozoa.

 https://dx.doi.org/10.57647/mjee.2026.2001.02

https://dx.doi.org/10.57647/mjee.2026.2001.02


Jaiswal et al., Majlesi J. Electr. Eng., 2026; 20(1) 21

Inspiration

Microorganisms such as bacteria, algae, and protozoa
achieve tasks like those of organs in larger organisms
through specialized structures called organelles. They
exhibit fundamental life traits like metabolism, reproduc-
tion, genetic continuity, diversity, and stimulus-response,
and are often used in studies due to their simpler or-
ganization. It exhibits both plant-like and animal-like
characteristics, obtaining nutrients autotrophically from
minerals or heterotrophically from organic substances.
In unfavorable conditions, Euglena forms a cyst and be-
comes dormant. It reproduces asexually through binary
fission.

Euglena has applications in environmental biomedia-
tion and biomedicine. It serves as a pointer of ecological
strength, assesses water quality, resists heavy metals, and
restores contaminated water. It contains euglenophycin,
a toxin with anticancer properties, and is an ingredient
of single-cell proteins used in drugs and commercial
products like dietary supplements, food additives, and
cosmetics. Further details on euglena’s behaviors are ex-
plored through algebraic models in the following section.
Figure 4 represents the Euglena cells, showing the main
organelles.

Foraging

Euglena acquires essential nutrients via autotrophic and
heterotrophic processes. It implements photosynthesis
with chloroplasts to produce energy, like plants. Pho-
totaxis, or movement in response to light, is guided by
an eyespot that filters light to the photoreceptor at the
flagellum’s base. Under low light, euglena moves toward
the light, while high irradiance causes it to move away
to protect its pigments and chloroplasts. The threshold
for switching between positive and negative phototaxis
is between 10 and 100 W/m2, allowing euglena to find
optimal light conditions for photosynthesis. In darkness,
euglena absorbs organic matter through phagocytosis,

demonstrating animal-like behavior. Unlike plant cells,
euglena has a flexible pellicle instead of a rigid cellulose
wall, enabling free deformation and nutrient absorption
through osmotrophic. This dual nutrient acquisition
ability highlights its adaptability and survival in various
environments.

Dormancy
Under diverse conditions, such as pollution in the en-
vironment, fluctuations in temperature, or scarcity of
food organisms can adapt and survive in different ways.
Certain animals move to lessen the stress they face from
their surroundings, while others modify their innate be-
havior to stay out of trouble. Euglena can spray mucus
subcutaneously in reaction to adverse circumstances,
generating a protective mucilaginous capsule known
as a cyst. The euglena goes into dormancy currently
till the surrounding ecological circumstances improve.
The initial cell loses its flagella and changes into ovoid,
elliptical, and spherical forms. Euglena changes from a
motile, single-cellular organism to a mucus colony that
is not motile. The euglena’s metabolism slows down in
this state of suspended animation, which helps it con-
serve energy and become less dependent on the outside
world. Euglena has the adaptive ability to respond to
environmental stressors by going into dormancy.

Reproduction
Binary fission is a basic asexual reproductive mecha-
nism seen in euglena. The euglena divides into two
identical individuals throughout this process. Euglena
reproduction is best suited for temperatures between 20
and 35 °C. Binary fission includes the reproduction of
the flagellum, esophagus, and stigma and starts with
the euglena nucleus going through mitosis. The cell
divides again, this time along its longitudinal axis. The
V-shaped bifurcation begins as a split at the front and
moves progressively toward the posterior until the two
sections are fully divided.

Figure 4. Euglena cell showing the main organelles [27].
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Mathematical models
The minimization problem’s algorithm is introduced in
this subsection. The solution set is represented by the
protozoa in this suggested method, and each protozoan
has a location made up of 𝑑𝑖𝑚 variables.

Foraging
Considering both the protozoa’s internal and exterior ele-
ments while analyzing foraging behavior. The protozoa’s
foraging traits are considered internal variables, whereas
environmental impacts such as species collisions and
competing behaviours are considered external ones.

Autotrophic mode
Protozoan can obtain nourishment by using their chloro-
plasts to generate carbohydrates. The protozoan will
migrate away from its current place and near a site with
lower light intensity if it is exposed to bright light. When
it is in an area with minimal light intensity, the oppo-
site is true. The protozoan will migrate to the site of
the 𝑗 th protozoan if the light intensity surrounding it is
appropriate for photosynthesis. We offer the following
mathematical model for the autotrophic mode:

𝑋𝑛𝑒𝑤𝑖 = 𝑋𝑖+ 𝑓 (𝑋 𝑗−𝑋𝑖+
1
𝑛𝑝

.

𝑛𝑝∑︁
𝑘=1

𝜔𝑎×(𝑋𝑘−−𝑋𝑘+ ))⊙𝑀 𝑓

(31)
𝑋𝑖 = [𝑥1

𝑖 , 𝑥
2
𝑖 , . . . , 𝑥

𝑑𝑖𝑚
𝑖 ], 𝑋𝑖 = 𝑠𝑜𝑟𝑡 (𝑋𝑖) (32)

𝑓 = 𝑟𝑎𝑛𝑑.

(
1 + cos( 𝑖𝑡𝑒𝑟

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
× 𝜋)

)
(33)

𝑛𝑝max = ⌊ 𝑝𝑠 − 1
2

⌋ (34)

𝜔𝑎 = 𝑒
−| 𝑓 (𝑥𝑘− )

𝑓 (𝑥𝑘+ )+𝑒𝑝𝑠 | (35)

𝑀 𝑓 [𝑑𝑖] =
{

1, 𝑖 𝑓 𝑑𝑖 𝑖𝑠 𝑖𝑛 𝑟𝑎𝑛𝑑𝑝𝑒𝑟𝑚(𝑑𝑖𝑚⌈𝑑𝑖𝑚 × 𝑖
𝑝𝑠
⌉

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(36)
where 𝑋𝑛𝑒𝑤

𝑖
and 𝑋𝑖 stand for the protozoan’s original

position and updated position, respectively. Are the pro-
tozoan chosen at random, an arbitrarily chosen protozoan
in the 𝑘 th paired neighbour with a rank index less than 𝑖

is indicated by the symbol 𝑋𝑘− . To be more precise, if 𝑋𝑖
= 𝑋1, then 𝑋𝑘− = 𝑋1. An arbitrarily chosen protozoan
in the 𝑘 th paired neighbour is indicated by 𝑋𝑘+ , and its
rank table is higher than 𝑖. 𝑋𝑖 = 𝑋𝑝𝑠 means that 𝑋𝑘+ =

𝑋𝑝𝑠 , where 𝑝𝑠 represents the population size. Foraging
factors are represented by 𝑓 , and random numbers in the
[0,1] interval from the even distribution are denoted by
rand. The current and maximum iterations are indicated
by 𝑖𝑡𝑒𝑟 and 𝑖𝑡𝑒𝑟𝑚𝑎𝑥 , respectively.

The maximum value of 𝑛𝑝 is 𝑛𝑝max, and 𝑛𝑝 repre-
sents the number of neighbour pairs outside the external
components. In the autotrophic mode, 𝜔𝑝𝑠 (2.2204e-16)
It is a remarkably tiny quantity, and 𝜔𝑎 is a weight factor.

Heterotrophic mode
A protozoan may get nourishment in the dark by taking
up organic materials from its environment. Presuming
that 𝑋𝑛𝑒𝑎𝑟 is a close-by area rich in food, the proto-
zoan advances in its direction. We offer the following
mathematical model for the heterotrophic mode:

𝑋𝑛𝑒𝑤𝑖 =𝑋𝑖 + 𝑓 (𝑋𝑛𝑒𝑎𝑟 − 𝑋𝑖 +
1
𝑛𝑝

×
𝑛𝑝∑︁
𝑘=1

𝜔ℎ× (37)

(𝑋𝑖−𝑘 − 𝑋𝑖+𝑘)) ⊙ 𝑀 𝑓

𝑋𝑛𝑒𝑎𝑟 =

(
1 ± 𝑅𝑎𝑛𝑑 ×

(
1 − ( 𝑖𝑡𝑒𝑟

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
)
))

⊙ 𝑋𝑖 (38)

𝜔ℎ = 𝑒
−| 𝑓 (𝑥𝑖−𝑘 )

𝑓 (𝑥𝑖+𝑘 )+𝑒𝑝𝑠
| (39)

𝑅𝑎𝑛𝑑 = [𝑟𝑎𝑛𝑑1, 𝑟𝑎𝑛𝑑2, . . . , 𝑟𝑎𝑛𝑑𝑑𝑖𝑚] (40)
where ′′±′′ indicates that 𝑋𝑛𝑒𝑎𝑟 may be in another direc-
tion from the 𝑖th protozoan and 𝑋𝑛𝑒𝑎𝑟 is a neighbouring
place. The (𝑖− 𝑘)th protozoan chosen from the 𝑘 th match-
ing neighbor is indicated by the symbol 𝑋𝑖−𝑘′ , and its
rank index is 𝑖 − 𝑘 . If 𝑋𝑖 = 𝑋1, then 𝑋𝑖−𝑘 is likewise
set to 𝑋1. The (𝑖 + 𝑘)th protozoan chosen from the 𝑘 th

paired neighbour is indicated by the notation 𝑋𝑖+𝑘′ , and
its rank index is 𝑖 + 𝑘 . The weight component in the
heterotrophic mode is denoted by 𝜔ℎ. The elements of
the random vector Rand are in the [0,1] interval.

Dormancy
A protozoan may go dormant as a means of surviving
adverse environmental circumstances while under stress.
To keep the population steady, a freshly created protozoan
replaces the dormant protozoan. The following is the
mathematical model of dormancy,

𝑋𝑛𝑒𝑤𝑖 = 𝑋min + 𝑅𝑎𝑛𝑑 ⊙ (𝑋max − 𝑋min) (41)

𝑋min = [𝑙𝑏1, 𝑙𝑏2, . . . , 𝑙𝑏𝑑𝑖𝑚], 𝑋𝑚𝑎𝑥 = [𝑢𝑏1, 𝑢𝑏2, . . . , 𝑢𝑏𝑑𝑖𝑚]
(42)

where the lower- and upper-bound vectors are denoted,
respectively, by 𝑋min and 𝑋max. The variables 𝑙𝑏 and 𝑢𝑏

denote the variable’s lower and upper limits, respectively.

Reproduction
Binary fission is the asexual reproduction process that
protozoa go through when they reach an adequate age
and state of health. In theory, the protozoan splits into
two identical daughters because of its reproduction. By
creating a replica protozoan and taking a perturbation
into account, we were able to imitate this behavior. The
following is the reproduction mathematical model:

𝑋𝑛𝑒𝑤𝑖 = 𝑋𝑖 ±𝑟𝑎𝑛𝑑 (𝑋min +𝑅𝑎𝑛𝑑 ⊙ (𝑋max − 𝑋min)) ⊙𝑀𝑟

(43)

𝑀𝑟 [𝑑𝑖] =
{

1, 𝑖 𝑓 𝑑𝑖 𝑖𝑠 𝑖𝑛 𝑟𝑎𝑛𝑑𝑝𝑒𝑟𝑚(𝑑𝑖𝑚⌈𝑑𝑖𝑚 × 𝑟𝑎𝑛𝑑

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(44)
where ′′±′′ denotes the possibility of both forward and
backward perturbations. In the reproduction process,
𝑀𝑟 is a representing vector with a size of (1 × 𝑑𝑖𝑚),
Each element has a value of 0 or 1.
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Algorithm
The APO’s particulars are displayed below. The fol-
lowing parameters must be considered to integrate all
mathematical models:

𝑝 𝑓 = 𝑝 𝑓max × 𝑟𝑎𝑛𝑑 (45)

𝑝𝑎ℎ =
1
2
×
(
1 + cos( 𝑖𝑡𝑒𝑟

𝑖𝑡𝑒𝑟max
× 𝜋)

)
(46)

𝑝𝑑𝑟 =
1
2
×
(
1 + cos

(
(1 − 1

𝑝𝑠
) × 𝜋

))
(47)

where 𝑝 𝑓 is the maximum value of 𝑝 𝑓 and 𝑝 𝑓max is the
percentage fraction of dormancy and reproduction in the
protozoa inhabitants. The probability of autotrophic and
heterotrophic activities is shown by 𝑝𝑎ℎ, whereas the
probabilities of dormancy and reproduction are indicated
by 𝑝𝑑𝑟 . It should be noted that the suggested APO only
has two unique parameters: the maximum proportion
fraction 𝑝𝑎ℎ and the number of neighbour pairs 𝑁𝑝.
Figure 5 depicts the APO algorithm’s structure.

4.1 PSO optimization in optimal sizing and cost
minimization

The PSO algorithm is a popular method for solving
optimization problems related to optimal sizing and cost
minimization of grid-connected solar PV and BESS. PSO
is particularly useful due to its simplicity and efficiency
in exploring a wide solution space for finding the optimal
configuration of PV and battery systems.

Working mechanism of PSO for optimal sizing and
cost minimization:

1. Initialization: PSO begins by initializing a popu-
lation of particles, each representing a potential
solution for the system configuration. A particle’s
position is described by a vector that includes deci-
sion variables like the solar PV capacity and battery
storage size. These particles are initialized ran-
domly within the defined limits for PV and BESS.

2. Fitness Evaluation: The objective is to minimize
the NPC, which includes both the upfront and
operational costs over the lifetime of the system.
Each particle’s fitness is evaluated based on the
NPC or other financial indices like the COE.

3. Particle Movement and Update: In PSO, each parti-
cle adjusts its position based on its own experience
(personal best, 𝑝𝑏𝑒𝑠𝑡 ) and the experience of the
entire swarm (global best, 𝑔𝑏𝑒𝑠𝑡 ). The velocity
and position of each particle are updated using the
following equations:

𝑣𝑖 (𝑡𝑖 + 1) = 𝜔𝑣𝑖 (𝑡𝑖)+𝑐1𝑟1 (𝑝𝑏𝑒𝑠𝑡 − 𝑥𝑖 (𝑡𝑖))+ (48)
𝑐2𝑟2 (𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖 (𝑡𝑖))

𝑥𝑖 (𝑡𝑖 + 1) = 𝑥𝑖 (𝑡𝑖) + 𝑣𝑖 (𝑡𝑖 + 1) (49)

• 𝑣𝑖(𝑡𝑖) is the velocity of particle (𝑖) at iteration (𝑡𝑖),

• 𝑥𝑖(𝑡𝑖)is the position of particle (𝑖) at iteration (𝑡𝑖),

• 𝜔 is the inertia weight,

• 𝑐1 and 𝑐2 are the cognitive and social coefficients,

• 𝑟1 and 𝑟2 are random numbers between 0 and 1.

Convergence: Over iterations, the particles’ positions
converge towards the best solution, representing the
optimal sizing of PV and BESS that minimizes costs.
The balance between exploration (searching new areas
of the solution space) and exploitation (refining current
best solutions) helps ensure that the algorithm doesn’t
get stuck in local minima.

Cost minimization:
In the context of cost minimization, PSO ensures that
the NPC of the PV and battery system is minimized
while meeting the energy demand. The sizing of the PV
system affects the generation capacity, and the battery
storage size affects how energy is stored and dispatched,
impacting overall costs and self-consumption ratios.

PSO’s efficiency in searching large solution spaces
makes it ideal for scenarios where system components,
costs, and grid conditions are variable. Through PSO,
an optimal solution can be identified that balances the
capital cost, operating costs, and energy savings, making
it a highly effective tool for optimal sizing of grid-
connected solar PV and battery storage systems. In
summary, PSO uses a population-based approach with
velocity and position updates to identify the optimal
configuration of PV and BESS systems that minimizes
the Net Present Cost, ensuring the most cost-effective
design for grid-connected solar energy applications.

Figure 5. Framework of the proposed algorithm.
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5. Case study

An analysis of the ideal size model was conducted for an
Indian case study. This was accomplished by taking the
weather and electrical usage data from a typical GCH in
India. parameters with the ideal case study size.

Table 2 provides key parameters necessary for deter-
mining the optimal sizing of a system that integrates
grid export limits and energy management. The grid
export limit is set to 5 kW, which restricts how much
energy can be fed back into the grid. The project uses an
escalation rate of 2%, representing the annual increase in
costs, and an interest or discount rate of 8% for economic
calculations. Electricity purchase charges are Rs 7 per
kWh, and selling charges (the price at which excess elec-
tricity is sold back to the grid) are Rs 5.6 per kWh. The
project is evaluated over a lifetime of 20 years, providing
a long-term perspective for cost and benefit analysis.

Table 3 presents the electricity exchange rates for both
purchasing and selling under different pricing schemes
for the proposed Energy Management System (EMS).
The flat rate for electricity purchase is Rs 7 per kWh and
Rs 5.6 per kWh for selling. Additionally, time-of-use
(TOU) rates vary depending on the time of day: during
peak hours, the purchase rate is Rs 8.45 per kWh and the
selling rate is Rs 5.92 per kWh. During shoulder periods,
these rates drop to Rs 5.82 per kWh for purchasing and
Rs 3.29 per kWh for selling, while during off-peak times,
the purchase rate is Rs 3.70 per kWh and the selling rate
is Rs 1.64 per kWh. This dynamic pricing allows the
EMS to optimize energy usage based on time-sensitive
electricity costs.

Figure 6 and figure 7 represents the annual variations of
Electricity Consumption and PV irradiance respectively.

Table 4 presents the characteristics and cost details for
an ideal sizing model of a rooftop photovoltaic scheme
combined with a BESS. The PV scheme, with a unit
size of 1 kW, has a capital cost of Rs 83,400 per kW, a
replacement cost of Rs 16,700 per kW, and an annual

maintenance cost of Rs 2,750 per kW, with a lifespan of
20 years. The BESS, sized at 1 kWh/0.5 kW, has a capital
cost ranging from Rs 3,900 to Rs 55,600 per kWh, a
replacement cost of Rs 22,240 per kWh, no maintenance
cost, and a lifespan of 20 years.

6. Results and discussion
This section evaluates the power flow analysis, sensitivity
evaluation, and ideal outcomes for both system configu-
rations. Table 5 lists the four alternatives for which the
results are displayed, based on the rates at which power
is purchased and sold.

Optimal sesults of system configurations
The optimization outcomes for each power rate choice
for both system configurations are presented: Rooftop
PV and BESS capacity at maximum efficiency, (a) total
NPC of system configurations (c) The systems’ COE; (d)
The energy imported from the grid each year (AIEG);
(e) The energy sent to the grid each year (AEEG); It
should be mentioned that all of the economic values in
this study are displayed in Indian Rupees (INR).

6.1 Option 1: Flat-Flat
Table 6 compares the results of two optimization algo-
rithms PSO and APO, in determining the optimal sizing
of the PV and BESS under a flat rate scheme for both
buying and selling electricity. PSO suggests a system
with 6 kW of PV and 19 kWh of BESS, leading to a
𝑁𝑃𝐶𝑡 of Rs 86,387.6783, a COE of Rs 18.58 per kWh,
and an annual imported energy from the grid (AIEG) of
0.024483 MWh. APO, on the other hand, proposes an 8
kW PV system and an 8 kWh BESS, resulting in a much
lower 𝑁𝑃𝐶𝑡 of Rs 38,266.7875, a COE of Rs 6.48 per
kWh, and significantly higher values for both AIEG and
annual exported energy to the grid (AEEG) at 1.7727
MWh and 10.8747 MWh, respectively. This highlights
APO’s ability to achieve more cost-effective results and
better energy exchange.

Table 2. Parameters considered for optimal sizing.

Specification Value
Grid export limit (kW) 5
Escalation rate (%) 2
Interest/ Discount Rate (%) 8
Electricity Purchase charges (Rs/kWh) 7
Electricity Selling charges (Rs/kWh) 5.6
Project lifetime (years) 20

Table 3. Economic data of the proposed EMS.

Electricity Exchange Purchasing (Rs/kWh) Selling (Rs/kWh)
Flat rates 7 5.6
TOU rates during Peak 8.45 5.92
TOU rates during Shoulder 5.82 3.29
TOU rates during Off-peak 3.70 1.64
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Figure 6. Annual variations of electricity consumption.

Figure 7. Annual variations of PV irradiance.

For the PSO optimization, the PV system produces 6
kW of power, and the BESS has a capacity of 19 kWh.
The total net present cost is 86,387.6783 rupees, with a
cost of energy at 7,085.32 Rs/kWh.

The annual increment in energy generation is 0.024483
MWh, and the annual energy export to the grid is 5.6418
MWh.

Figure 8. Objective function vs Iteration for APO and PSO during
option 1.

In contrast, the APO optimization results show an
8 kW PV system with an 8 kWh BESS. The total net
present cost is significantly lower at 38,266.7875 rupees,
with a cost of energy at 2,742.42 Rs/kWh. The annual
increment in energy generation is considerably higher at
1.7727 MWh, and the annual energy export to the grid
is 10.8747 MWh.

Figure 8 likely illustrates the convergence behavior of
the objective function over iterations for both the APO
and PSO algorithms. It highlights how each optimization
technique progresses towards the optimal solution, with
APO showing a more rapid or stable convergence com-
pared to PSO. Figure 9 demonstrates the distribution and
flow of power within the system when optimized using
PSO under flat-flat conditions. It would typically show
how the generated power is allocated between consump-
tion, storage, and export to the grid. Figure 10 focuses

Table 4. Rooftop PV and BESS characteristics for the ideal sizing model.

Component Unit Size Capital cost Replacement cost Maintenance cost Lifetime

PV 1 kW Rs 83400/kW
Rs 16700/kW

(for Inverter in 10th year)
Rs 2750/kW/year 20 years

BESS 1 kWh/0.5 kW Rs3900-55600/kWh Rs 22240/kWh NIL 20 years

Table 5. Options for retail pricing and feed-in tariff depending on the kind of power.

Options Retail Price Feed-in- Tariff
1 Flat Flat
2 TOU Flat
3 Flat TOU
4 TOU TOU

Table 6. Optimal results compared with PSO and APO optimization (Flat-Flat).

Optimization PV (kW) BESS (kWh) 𝑁𝑃𝐶𝑡 COE(Rs/kWh) AIEG(MWh) AEEG(MWh)
PSO 6 19 86387.6783 18.58 0.024483 5.6418
APO 8 8 38266.7875 6.48 1.7727 10.8747
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Figure 9. Power flow analysis during flat-flat using PSO.

on the power distribution and flow within the system op-
timized using APO. It would likely show improvements
in efficacy and excellent utilization of sources compared
to the PSO method. Figure 11 illustrates the SOC of
the BESS over time for both APO and PSO optimiza-
tions. It highlights the differences in how each method
manages battery storage, with APO possibly showing a
more efficient or stable SOC profile compared to PSO.
These analyses and figures collectively demonstrate the
superior performance of APO over PSO in terms of lower
costs, higher energy generation, and better management
of energy resources under flat-flat conditions.

6.2 Option 2: TOU-Flat
Table 7 compares the optimization results of PSO and
APO for a system with time-of-use rates for purchasing
electricity and flat rates for selling. PSO recommends a
system with 9 kW of PV and 9 kWh of BESS, leading to a
𝑁𝑃𝐶𝑡 of Rs 44,809.2447 and a COE of Rs 8.54 per kWh.
The system imports 1.5541 MWh from the grid annually
and exports 11.6839 MWh. APO, on the other hand,
suggests a 5 kW PV system with the same 9 kWh BESS,
reducing the 𝑁𝑃𝐶𝑡 to Rs 36,389.309 and the COE to Rs
7.93 per kWh. Despite having a slightly higher imported
energy (1.5628 MWh), the exported energy drops to
5.414 MWh, indicating that APO optimizes the system
for better cost savings while reducing energy exports.

Figure 12 illustrates how the objective function, repre-
senting the optimization goal (such as cost minimization
or efficiency maximization), evolves over iterations for
both the APO and PSO algorithms. It demonstrates
the convergence patterns of each method, showing how
they progress towards the optimal solution. APO might
exhibit a faster or more stable convergence compared
to PSO, indicating its efficiency in reaching optimal re-
sults. Figure 13 shows the distribution and flow of power
within the system optimized using PSO under TOU-Flat
conditions. It details how the generated power from the
PV system is utilized, gathered in the BESS, or exported
to the grid, providing insights into the efficiency and ef-
fectiveness of the PSO optimization in managing energy

Figure 10. Power flow analysis during flat-flat using APO.

Figure 11. SOC of APO and PSO during flat-flat.

Figure 12. Objective function vs iteration for APO and PSO during
option 2.

resources. Figure 14 represents the power distribution
and flow within the system optimized using APO. It
highlights improvements in efficiency, better utilization
of the PV system, and more effective management of
the BESS compared to the PSO method. Figure 15
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Figure 13. Power flow analysis during TOU-flat using PSO.

illustrates the SOC of the BESS over time for both APO
and PSO optimizations under TOU-Flat conditions. It
shows how each optimization technique manages the bat-
tery’s charge and discharge cycles, with APO potentially
displaying a more stable or efficient SOC profile, leading
to better overall system performance.

Overall, these analyses and visual representations
highlight the superior performance of APO over PSO in
optimizing energy resources under TOU-Flat conditions,
with lower costs, higher energy generation, and improved
management of the PV system and BESS.

6.3 Option 3: Flat-TOU
Table 8 shows the comparison between PSO and APO
optimization under a flat rate for purchasing electricity
and a time-of-use rate for selling. PSO once again
suggests a system with 9 kW PV and 9 kWh BESS,
resulting in an 𝑁𝑃𝐶𝑡 of Rs 44,809.2447 and a relatively
high COE of Rs 11.46 per kWh. The system imports
1.5541 MWh and exports 11.6839 MWh annually. APO,
however, opts for a smaller 5 kW PV system while
maintaining the same BESS size, lowering the 𝑁𝑃𝐶𝑡
to Rs 36,389.309 and the COE to Rs 9.93 per kWh.
The imported energy remains almost the same at 1.5628
MWh, while the exported energy drops significantly to
5.414 MWh, indicating a more balanced approach that
favors a lower cost of energy and reduced exports.

Figure 16 illustrates the progression of the objective

Figure 14. Power flow analysis during TOU-flat using APO.

Figure 15. SOC of APO and PSO during TOU-flat.

function, representing the optimization goal (such as min-
imizing costs or maximizing efficiency), over iterations
for both the APO and PSO algorithms. It demonstrates
how each method converges towards the optimal solu-
tion. The convergence patterns may reveal that APO
achieves faster or more stable convergence compared
to PSO, indicating its superior efficiency in reaching
optimal results. Figure 17 shows the distribution and
flow of power within the system optimized using PSO
under Flat-TOU conditions. It details how the power

Table 7. Optimal results compared with PSO and APO optimization (TOU-Flat).

Optimization PV (kW) BESS (kWh) 𝑁𝑃𝐶𝑡 COE(Rs/kWh) AIEG(MWh) AEEG(MWh)
PSO 9 9 44809.2447 8.54 1.5541 11.6839
APO 5 9 36389.309 7.93 1.5628 5.414

Table 8. Optimal results compared with PSO and APO optimization (Flat-TOU).

Optimization PV (kW) BESS (kWh) 𝑁𝑃𝐶𝑡 COE(Rs/kWh) AIEG(MWh) AEEG(MWh)
PSO 9 9 44809.2447 11.46 1.5541 11.6839
APO 5 9 36389.309 9.93 1.5628 5.414
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Figure 16. Objective function vs iteration for APO and PSO during
option 3.

generated from the PV system is utilized, saved in the
BESS, or exported to the grid. This provides insights
into the effectiveness and effectiveness of the PSO op-
timization in managing energy resources. Figure 18
focuses on the power distribution and flow within the
system optimized using APO. It highlights improvements
in efficiency, better utilization of the PV system, and
more effective management of the BESS compared to the
PSO method. Figure 19 illustrates the SOC of the BESS
over time for both APO and PSO optimizations under
Flat-TOU conditions. It shows how each optimization
technique manages the battery’s charge and discharge
cycles, with APO potentially displaying a more stable
or efficient SOC profile, leading to better overall system
performance. Overall, these analyses and visual repre-
sentations underscore the superior performance of APO
over PSO in optimizing energy resources under Flat-
TOU conditions. APO demonstrates lower costs, higher
energy generation efficiency, and improved management
of the PV system and BESS.

Figure 17. Power flow analysis during flat-TOU using PSO.

Figure 18. Power flow analysis during flat-TOU using APO.

6.4 Option 4: TOU-TOU
Table 9 presents optimization results for a system under
TOU rates for both purchasing and selling electricity.
PSO proposes a system with 9 kW PV and 9 kWh BESS,
resulting in an 𝑁𝑃𝐶𝑡 of Rs 44,809.2447 and a COE of Rs
8.54 per kWh. The system imports 1.5541 MWh from
the grid and exports 11.6839 MWh annually. APO, on
the other hand, significantly reduces the PV size to 2 kW
while keeping the BESS at 9 kWh. This results in a much
lower 𝑁𝑃𝐶𝑡 of Rs 24,842.2996 and a drastically reduced
COE of Rs 2.86 per kWh. Although APO’s system
imports more energy (2.5682 MWh) and exports much
less (0.088446 MWh), it achieves a much lower overall
cost, demonstrating its efficiency in cost reduction for
systems with TOU pricing schemes.

To validate the effectiveness of the proposed APO, The
APO algorithm is run 10 times for 200 iterations with
population size of 100 as represented in figure 20 The
global optimal is between 50 to 125 iterations. Table 10
shows the computation time and fitness for 10 APO runs.

The Mean (Average) Fitness Value is 87570.44 and
the Standard Deviation is 0.26. The Mean (Average)
computational Time is 129.25 seconds and Standard

Figure 19. SOC of APO and PSO during flat-TOU.
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Table 9. Optimal results compared with PSO and APO optimization (TOU-TOU).

Optimization PV (kW) BESS (kWh) 𝑁𝑃𝐶𝑡 COE(Rs/kWh) AIEG(MWh) AEEG(MWh)
PSO 9 9 44809.2447 8.54 1.5541 11.6839
APO 2 9 24842.2996 2.86 2.5682 0.088446

Deviation is 3.23 seconds. The best fitness is chosen
based on the best fitness value with minimal iterations.

Figure 21 illustrates the progression of the objective
function, which represents the optimization goal (such
as minimizing costs or maximizing efficiency), over
iterations for both the APO and PSO algorithms. It
demonstrates how each method converges towards the
optimal solution. The convergence patterns may reveal
that APO achieves faster or more stable convergence
compared to PSO, indicating its superior efficiency in
reaching optimal results. Figure 22 shows the distribu-
tion and flow of power within the system optimized using
PSO under TOU-TOU conditions. It details how the
power generated from the PV system is utilized, saved
in the BESS, or exported to the grid. This provides

Figure 20. Objective function vs iteration for APO and PSO during
option 4.

Figure 21. Convergence of APO for 10 independent runs.

Table 10. Computation time and Fitness value for 10 APO runs.

Number of Runs Fitness value Time (s)
1 87570.3 125
2 87570.5 134
3 87570.5 131
4 87570 128
5 87570.3 129
6 87570.9 134
7 87570.3 126
8 87570.3 127
9 87571 132

10 87570.3 128

perceptions of the competence and effectiveness of the
PSO optimization in managing energy resources under
variable TOU tariffs. Figure 23 focuses on the power
distribution and flow within the system optimized using
APO. It highlights improvements in efficiency, better
utilization of the PV system, and more effective man-
agement of the BESS compared to the PSO method.
The analysis shows how APO optimizes energy usage
and storage to minimize costs and maximize energy
generation under TOU-TOU conditions. Figure 24 il-
lustrates the SOC of the BESS over time for both APO
and PSO optimizations under TOU-TOU conditions. It
shows how each optimization technique manages the
battery’s charge and discharge cycles. The SOC profile
for APO may demonstrate more stable or efficient charge
and discharge patterns, leading to better overall system
performance and reduced costs.

Overall, these analyses and visual representations
underscore the superior performance of APO over PSO in
optimizing energy resources under TOU-TOU conditions.

Figure 22. Power flow analysis during TOU-TOU using PSO.

 https://dx.doi.org/10.57647/mjee.2026.2001.02

https://dx.doi.org/10.57647/mjee.2026.2001.02


30 Jaiswal et al., Majlesi J. Electr. Eng., 2026; 20(1)

Figure 23. Power flow analysis during TOU-TOU using APO.

APO demonstrates lower costs, higher energy generation
efficiency, and improved management of the PV scheme
and BESS, making it a more effective optimization
method for energy systems under variable TOU tariffs.

Figure 24. SOC of APO and PSO during TOU-TOU.

6.5 Sensitivity analysis
Sensitivity analysis for TOU-TOU conditions is carried
out to validate the system, here, the computational param-
eters are varied (i.e Export power and TOU multiplier).
Figure 25 illustrates the sensitivity analysis of export
power limitations on a PV-BESS system, where the x-
axis represents the export power limitation in kW, and
the y-axes represent power, BESS capacity, and the COE
in Rs/kWh. As the export power limitation increases, the
optimal PV capacity also increases, starting from around
2 kW at 0 kW export limitation and reaching approxi-
mately 8 kW at 10 kW. This aligns with the observation
that grid constraints reduce the optimal PV size. The
BESS capacity remains nearly constant at 6 kWh across
all export power limits, indicating minimal impact on
battery sizing. Meanwhile, the COE decreases as the
export limit increases, starting at around 7.5 Rs/kWh
when export is restricted and dropping to 1 Rs/kWh when

Figure 25. Sensitivity analysis for the impact of export power limita-
tion.

full export is allowed. This confirms that limiting grid
export leads to higher COE due to lower PV utilization,
whereas greater export flexibility makes the system more
cost-effective. The analysis highlights the economic and
technical effects of grid constraints on PV-BESS system
performance.

Figure 26 represents the sensitivity analysis of the
impact of TOU rates on a PV-BESS system, where
the x-axis represents the TOU multiplier, and the y-axes
represent power, BESS capacity, and the COE in Rs/kWh.
As the TOU rates increase, the COE rises accordingly,
reaching higher values at a TOU multiplier of 1.4. The
PV capacity remains constant at around 10 kW across
all TOU multipliers, showing minimal change. However,
the optimal BESS capacity increases with higher TOU
rates, indicating that more storage is needed to optimize
cost savings when electricity prices fluctuate. The overall
trend suggests that increasing TOU rates lead to higher
costs of energy while incentivizing greater battery storage
capacity to mitigate higher electricity prices.

7. Conclusion
This research paper presented a comparative analysis
of the ideal sizing and cost minimization of grid-linked

Figure 26. Sensitivity analysis for the impact of TOU rates.
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solar PV and BESS using two metaheuristic algorithms:
PSO and APO, the comparison between them across
different pricing schemes like Flat-Flat, TOU-Flat and
Flat-TOU which demonstrates the superior performance
of APO. For instance, under the Flat-Flat scheme, APO
reduced the 𝑁𝑃𝐶𝑡 from Rs 86,387.6783 (PSO) to Rs
38,266.7875, and the COE from Rs 18.58 per kWh to Rs
6.48 per kWh. Similarly, under the TOU-Flat scheme,
APO achieved a lower 𝑁𝑃𝐶𝑡 of Rs 36,389.309 compared
to Rs 44,809.2447 for PSO, while reducing the COE
from Rs 8.54 per kWh to Rs 7.93 per kWh. These results
highlight APO’s ability to optimize costs effectively
while maintaining adequate energy generation and stor-
age. Furthermore, APO consistently demonstrated better
energy management, as seen in the Flat-TOU scenario,
where it lowered the 𝑁𝑃𝐶𝑡 from Rs 44,809.2447 (PSO)
to Rs 36,389.309 and reduced the COE from Rs 11.46
per kWh to Rs 9.93 per kWh. APO also managed to
balance energy exports and imports more efficiently,
achieving 5.414 MWh of exported energy compared
to 11.6839 MWh with PSO. The sensitivity analyses
indicated that increasing the export power limitation,
decreasing the import tariff and significantly reducing
the COE.
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