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Abstract

The urgent need to mitigate environmental pollution and decrease fuel dependency has
driven the development of renewable energy technologies and electric vehicles (EVs).
However, integrating these into the power grid poses challenges due to production instability
and irregular charging patterns. This study proposes an innovative energy management strategy
for smart homes equipped with both EVs and photovoltaic (PV) systems. Utilizing a two-stage
monitoring system, the strategy flexibly controls energy flow to minimize electricity costs and
align with load curves while meeting power requirements. Results demonstrate distinct
efficiencies among scenarios, with Case 2 exhibiting the best performance, followed by Case
3 and Case 1. Notably, integrating PV systems significantly reduces energy expenses, with
savings ranging from $2.30 to $2.42 across cases. The study underscores the effectiveness of
PV technology in residential energy management, emphasizing substantial cost reductions and
decreased grid dependency. Through strategic battery usage and optimized PV energy
utilization, the integration of renewable energy and EVs offers a promising pathway towards
sustainable and resilient energy systems in smart homes.

Keywords: Electric vehicles (EVs); Energy management strategy; Photovoltaic (PV) systems;
Cost optimization; SC-GWO

1. Introduction

Global issues of great concern now include the depletion of fossil resources and the
rising pollution of the environment from the electricity and transportation industries [1,2]. As
a result, the power and transportation sectors, respectively, have been driving the development
of renewable energy technologies and electric vehicles (EVs) due to the pressing need to reduce
fuel reliance and alleviate environmental pollution [3-5]. On the other hand, demand peaks,

voltage variations, high load variability, and over-generation can all arise in the power grid
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a result of the inherent production instability of renewable energy sources like wind power and
solar photovoltaics paired with the irregular charging patterns of EVs [6,7]. In order to
overcome these obstacles, efficient energy management is needed to balance renewable energy
production with EV charging schedules [8,9]. In light of this, current research has concentrated
on developing efficient energy management systems to incorporate EVs and renewable energy
sources into houses and the electrical grid. The notion of the smart grid, in conjunction with
the bi-directional communication technology offered by smart meters, has brought forth a
plethora of benefits and prospects, including financial incentives and enhanced energy
efficiency. Moreover, home energy management systems (HEMS) and improvements in home
area networks (HAN) and the smart grid environment enable homeowners to regulate
generation, storage, and consumption [10—12]. In order to satisfy energy requirements while
lowering household power expenditures and grid stress, HEMS automatically schedules EVs,
distributed domestic energy resources, and household appliances based on time-varying pricing
[12—-14].

Researchers have recently paid close attention to HEMS combined with EVs, with
certain studies emphasizing cost reduction [15, 16]. By analyzing the charging and discharging
strategy of EVs in HEMS, for example, research in [15] investigated the economic benefits of
different operating modes under dynamic pricing schemes, such as vehicle-to-grid (V2G),
vehicle-to-home (V2H), and grid-to-vehicle (G2V). In order to minimize power expenditures
while meeting EV charging and household energy demands, the authors of [16] suggested
stochastic dynamic programming for optimum energy management in a smart home outfitted
with an EV. This method defined the various operation modes (G2V, V2G, and V2H) using
the time-varying home power demand and electricity price. It then formulated the stochastic
optimization problem for EV energy management in a smart home using the EV battery
equivalent circuit and probabilistic trip length and time. Flattening the load power profile has
been the focus of several investigations [17, 18]. In order to flatten the load curve and reduce
load variation, for instance, [17] presented a flexible control strategy for a smart home with
two EVs. This was achieved without the use of time-varying electricity prices by monitoring
the system in various operation modes based on constraints such as the daily power load curve
of household appliances, EV connection time, state of charge (SOC) of each vehicle battery,
and vehicle priority order. In order to smooth the load demand profile in a smart house with
EVs and appliances, a double-layer energy management technique was presented in [18].
While the second layer controlled bidirectional power flow among EVs and the smart grid to
schedule EV charging and discharging, it did not use the time-varying price, potentially
increasing home electricity costs. The first layer used the power load curve and time-varying

electricity price to shift appliance use from peak to off-peak hours. Reducing home expenses
and grid stress has been the focus of several investigations [19]. For example, in order to reduce
household power costs and grid interference, [19] developed a heuristic technique to determi
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the best times of day to charge or discharge the EV battery based on household demand, real-
time pricing signals, and EV specifications.

Along with PV and EV, HEMS integration has also been the subject of several research [20—
23]. A HEMS utilizing a mixed-integer linear programming (MILP) approach was suggested
in [20] for a smart house that included energy storage systems (ESS), EVs, and small-scale
distributed photovoltaics in order to save daily power expenses. With a PV array and an EV
for energy storage, the authors of [21] suggested a stochastic optimization-based energy
management control for a smart home. This control would minimize customer energy costs
while satisfying domestic power demands and EV battery charging goals. To reduce total
energy expenditures while satisfying the needs of charging storage devices and meeting
household power demands, a study [22] recommended coordinated energy management for a
smart house equipped with PV, EVs, and home battery storage based on an energy price tag
(EPT). In order to save power bills, [23] also presented a hierarchical deep reinforcement
learning strategy for energy management in a smart house outfitted with EVs, electrical
appliances, ESS, and a rooftop solar system.

Taking into account the noteworthy contributions of the previously stated research, it is clear
that the integration of electric vehicles (EVs) and solar (PV) systems with home energy
management systems (HEMS) has mainly targeted energy cost reduction. While some research
focus just on the daily home load curve, others try to flatten the load curve by charging EVs
during low-demand periods and discharging them during peak demand times. These methods,
however, frequently ignore the seasonal fluctuations in power rates, which might result in
increased family energy expenses.

Considering this, it is imperative to create a novel energy management plan for smart houses
that have PV and EV systems installed. This strategy's main goal is to flexibly manage the
energy flow to and from the EV in order to fulfill the system's power requirements, decrease
electricity costs, and align with the load curve. This study's distinctive feature is its two-stage
monitoring system, which is triggered in different ways according to different parameters: daily
PV power generation profile, real-time price signals, daily power load curve for home
appliances, EV arrival and departure times, and preserving the EV battery's state of charge
(SOCQ).

The suggested method is adaptable and works with any house that has EV and PV systems
installed. By charging the EV from the grid and PV power when energy costs and consumption
are low and PV generation exceeds the household load, it provides homeowners with financial
benefits while also supporting the residential grid. During peak hours, peak energy from PV
and the grid may be used to power the EV battery.This paper investigates the home energy

management system (HEMS) as an essential tool for lowering electricity expenses. The
objective is to identify the optimal architecture that reduces energy costs while satisfying
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demands of both home and EV loads, and keeping the state of charge (SOC) of the battery bank
at the desired level. The SC-GWO algorithm is employed to achieve optimal energy scheduling
and minimize the overall cost. The study evaluates three different scenarios, referred to as case
1, case 2, and case 3, for two distinct conditions: with photovoltaic (PV) integration and without
PV.

2. Methodology

This study delves into three distinct scenarios aimed at determining the optimal
architecture for minimizing energy costs while simultaneously fulfilling home and EV load
requirements, all while ensuring the desired state of charge (SOC) for the battery bank. To
achieve this goal, SC-GWO has been employed individually to assess and identify the most
efficient design scenario in terms of energy cost reduction and SOC maintenance. The entire
programming implementation was carried out using the Python programming language. The
study's schematic diagram, depicted in the accompanying Fig 1 (a-b), visually outlines the
systematic process undertaken in this research. Fig 2 (a-b). serves as a comprehensive
representation of the methodologies employed, illustrating how the algorithms, load
predictions, battery charging and discharging strategies, and energy distribution mechanisms
all interplay to optimize energy consumption patterns. The study places special emphasis on
maintaining the battery bank's SOC at the desired level, ensuring its effective usage during
peak energy demand scenarios. Through this multifaceted approach, the study advances our
understanding of effective energy management strategies that simultaneously balance cost
savings and operational efficiency.
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controller with
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Fig 1. Schematic diagram of the proposed model (a) with PV (b) without PV

‘ Loop for each hour from | to n ’

I

Load demand ’

|

Battery charging/discharging model (Battery SOC, Battery charging rate)

battery SOC, Energy prices)

I

Update optimum energy costs, charging/discharging schedule, all energy,
battery SOC value

l

N()4|’ Check Loop=n }

Yes
)

Stopping
Criteria

l Optimization algorithm
Caleulate grid energy[hour],Calculate home energy[hour], ev charging/
discharging energyhour|, cost calculation (Load, battery charging model,
J—Yes

Return optimal total_cost, grid_energy[hour], home_energy[hour],
ev_charging/discharging-energy[hour], battery SOC value[hour]

(a) Without PV integration

Volume 49 Issue 4 (December 2025)
https://powertechjournal.com




Power System Technology

ISSN:1000-3673

Received: 16-10-2025 Revised: 05-11-2025 Accepted: 22-12-2025

| Loop for cach hour from 1 to n ‘

l

‘ Load demand ‘

|

Battery charging/discharging model (Battery SOC, Battery charging rate)

l Optimization algorithm
Calculate grid energy{ hour],Calculate home energy[hour], ev charging/
discharging_energy{hour], PV_energy [hout], cost caleulation (Load,

battery charging model, battery SOC, Energy prices)

I

Updatc optimum cnergy costs, charging/discharging schedule, all energy,
battery SOC value

l

No—[ Check Loop=n ]

Yes
'

Return optimal total_cost, grid_cnergy{hour], home_energyfhour],
ev_charging/discharging-energy|hour], PV _energy{hour], battery SOC
value[hour]

(b) With PV integration

Fig 2. Flow diagram of the proposed model

To discover the most efficient charging/discharging timetables for the electric vehicle battery
array, aiming to reduce energy expenses while upholding the battery bank's state of charge at
0.9, two distinct optimization methods have been employed. One approach involves a linear
algorithm, while the other utilizes a genetic algorithm. These algorithms have been harnessed
to design and find the optimum structure of a Home Energy Management System, which
orchestrates the power distribution among the grid, EV battery bank, and household
consumption.

Case 1:

This case has been examined under two conditions: one with PV and one without PV. In this
scenario, the initial power is allocated to both the household and the electric vehicle (EV)
simultaneously, sourced from both PV and the grid. During periods of peak energy demand,
the stored energy from the EV battery bank and PV attempts to meet the demand with minimal
use of grid energy. Throughout this process, the battery's state of charge (SOC) is maintai

Volume 49 Issue 4 (December 2025)
https://powertechjournal.com




. * Power System Technology

Y ISSN:1000-3673

Received: 16-10-2025 Revised: 05-11-2025 Accepted: 22-12-2025

between its minimum and maximum levels. In the condition without PV, all power is supplied
by the grid.

Case 2:

This case has been analyzed under two conditions: one with PV and one without PV. Here, the
EV's battery bank acts as an intermediary energy storage stage. During the daytime, PV energy
is used to meet the load demands of the household and the EV battery bank. If PV energy is
insufficient to meet the load demand, the remaining energy is supplied by the grid. At night,
when PV energy is unavailable, the battery serves as the energy source for household demands.
If the battery bank's discharge voltage exceeds a certain threshold, it is recharged using grid
power while also supplying energy to the home. The charging and discharging schedule of the
battery bank is intelligently optimized to minimize energy expenses. To achieve this optimal
solution, a smart home energy management system with a charge controller is seamlessly
integrated into the setup. In the condition without PV, all power is supplied by the grid.

Case 3:

In this scenario, the EV battery bank serves as an additional energy source to meet energy
requirements and reduce energy expenses. The home primarily relies on PV and grid power to
meet its energy needs. However, energy is also directed from the home's system to the EV
battery bank through a home energy management system equipped with a charge controller.
Once the EV battery bank is charged, it functions as an extra energy reservoir, supplementing
the home's energy demands and thereby lowering overall energy costs. The schedule for
charging and discharging the battery bank is strategically optimized to minimize energy
expenses. In the condition without PV, all power is supplied by the grid.

2.1 Sine Cosine Algorithm (SCA)

The most recent advancement in the realm of algorithms influenced by nature is the SCA [24].
The sine and cosine functions' properties are used in SCA to find the optimal solution. Initially,
a random integer r ~ U(0, 1) is produced in order to update the search agents in SCA. If r <0.5,
the following equations are then executed:

Table 1: Parameter details for algorithms

Algorithm Parameter Value of the parameter
SCA r t
1 @ =(1-7).a0 =2
1y 2 . m.rwhere r = rand()
13 2 . r where r = rand()
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PSO C1 2.0
C2 2.0
t
GWO a ao=(1——),ao=2
T
C 2 *.r where r = rand()
- t
SC-GWO w 0.7 — 0,5(2)
T
I rand()
1p) rand()
where xl-t,;-rl and xit, ; represent the positions of ith solution vector (search agents) in jth

dimension at iterations t + 1 and t, respectively. xp is the best available solution in the
population. ri is a random number that decides the area for exploration or exploitation. The
random number r; is taken as linearly decreasing variable from the value 2 to 0. The random
number 12 decides the random movement of search agent but either in the direction of the best
solution xp or outwards direction of the best solution. The parameter selection that has been
fixed in the original SCA is presented in Table 1.

where the locations of the ith solution vector (search agents) in the jth dimension at iterations

t+1
LJ
is the top option. An arbitrary integer, r1, determines the region to be explored or exploited.

t + 1 and t, respectively, are represented by the variables x; 7" and xit, ;- Among the people, xp
Assuming a linearly declining variable from value 2 to 0, the random number r; is used. The
search agent moves randomly, either in the direction of the best answer (x») or outward from

it, depending on the random integer r2. Table 1 displays the parameter selection that was fixed
in the initial SCA.

By expanding the range of the sine and cosine functions to [-2, 2], the exploration in the SCA
is accomplished. By multiplying the sine and cosine functions by a factor of ri, this range is
achieved. The exploitation and exploration inside the algorithm is ensured by the search agents'
repositioning, either toward or away from the optimal solution.

In order to conduct a better search, any optimization algorithm must strike a proper balance
between exploration and exploitation. In the SCA, this balance is achieved by the random
variable r1, which permits high exploration in the early algorithm iterations and exploits the
found promising search areas in the later iterations. The method iterates as follows, decreasing
the random number r; each time:
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x{E = xf; + 1y -sin (1) - |rsxp — xf|
()
xfH = xf; 41 - cos (1) - Irsxp, — xf | (2)
n=2-2-() 3)

Algorithm 1: Pseudo code of SCA

1 Set the search agents to start

2 Apply the objective function to each search agent's evaluation.
3 From the list of search agents, choose the optimal solution Xs.
4  Set the random parameter r; and the iteration count t =0

5 whilet<T

6 For every search engine

7 Equations (1-3) are used to update the search agent's position using the solution
8 Examine the most recent version of the search engine
9 Update the optimal x, solution.

10 Modify the ry, 12, and r3 settings.

11 t=t+1

12 end

13 Provide the optimal response, xb.

2.2 Grey Wolf Optimizer (GWO)

Grey wolf optimizer is a leadership hierarchy-based optimization algorithm and was
developed by Mirjalili et al. in 2014 [25]. Mirjalili et al. have observed the social and hunting
behavior of grey wolves and modeled them into mathematical form to develop an optimization
algorithm. In a pack of grey wolves, wolves proceed their search process in three steps, namely
tracking, encircling and attacking the prey. In the Grey Wolf Optimizer (GWO), the search
process centers on three key search agents referred to as alpha, beta, and delta wolves. These
leaders are selected by the entire pack of wolves, considering their dominance and intelligence
levels. The formulas employed to adjust the positions of these search agents are as follows:

where x%, x}é and xg are the states of leaders alpha, beta and delta wolf at ith iteration,

respectively, and A, Ay, and Ag are the random vectors and can be obtained with the help of

equations:

xit’}l-'l = (x1 + xz + X3)

4

xlzxctz_Aa'Da
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XZZXE—A[g'DB (6)
x3 = x5 — As* Ds (7
A=2ar;—a
(8)
a=2-2-() ©)

The difference vectors Dy, Dg and D can be obtained by the following equations:
D, = |Caxctt - xlt,]l

(10)
Dg = |Cpxp = x|
(11)
Ds = |Csx§ — xit,jl
(12)
C=2n
(13)
1 Establish the gray wolf population.
2 Establish the initial values for o and the maximum number of iterations.
3 Determine each grey wolf's level of fitness.
4 Choose the leaders for the following roles:
5 X, (the most suitable answer)
6 xg (the next-best option)
7 Xs (third-best solution)
8 Set the iteration count t=0.
9 While t<maximum number of iterations:
10 Equations (4) through (13) may be used to update the positions of each wolf.
11 Determine each grey wolf's level of fitness.
12 Update the wolves that are leading (x,, Xz, X5).
13 Refresh the value of a.
14 Increment ¢ by 1.
15 End while.
16 Return the best solution.

2.3 Previous work on SCA and GWO

Numerous researchers have aimed to enhance the Sine Cosine Algorithm (SCA) to
boost its search efficiency. For example, one study proposed a modified SCA leveraging
orthogonal parallel information [26], while another employed opposition-based learning to
accelerate convergence [27]. A different approach addressed the high exploration tendency in
SCA's search mechanism [28]. The combination of an Extreme Learning Machine with
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modified SCA was explored for pathological brain detection [29], and a hybrid approach
combined Water Wave Optimization with SCA to enhance global optimization [30].
Additionally, SCA has been integrated with Differential Evolution (DE) for visual tracking
[31], and Q-learning was incorporated with a sine-cosine strategy to tackle combinatorial
problems [32]. An orthogonal learning-driven multi-swarm SCA was proposed to enhance both
global exploration and local exploitation [33]. Moreover, SCA has been hybridized with the
Artificial Bee Colony (ABC) algorithm and simulated quenching to balance exploration and
exploitation [34].

Similarly, the Grey Wolf Optimizer (GWO) faces issues like stagnation at sub-optimal
solutions and premature convergence. Enhancements to GWO have been proposed to improve
its search efficiency. For instance, an Improved GWO (IGWO) was developed for training g-
Gaussian radial basis function neural networks [35], and GWO was hybridized with crossover
and mutation operators for economic dispatch problems [36]. Fuzzy hierarchical operators
were introduced to create modified GWO versions [37], and fuzzy logic has been utilized to
enhance search quality and parameter adaptation. GWO has been applied to modular granular
neural networks for human recognition [38], and hybridized with the Genetic Algorithm (GA)
to minimize molecular potential energy [39]. Concepts like random walk were incorporated to
improve the leadership dynamics of the grey wolf pack [40, 41], and a Cauchy operator was
used to enhance searchability [41]. A new position update equation was proposed to improve
GWO's exploration capabilities [42], and opposition-based learning along with chaotic maps
have been employed to increase convergence speed and local exploitation [43].

In another study [44], a hybrid algorithm combining SCA and GWO, known as HGWOSCA,
was proposed to leverage GWO's exploitation strength and SCA's exploration strength, using
the SCA search equation to update only the best solution (alpha wolf). Building on the NFL
theorem's principle of improving algorithmic search efficiency, this paper introduces a hybrid
algorithm, SC-GWO. The SC-GWO algorithm enhances SCA's exploration capabilities
initially and then balances exploitation and exploration through hybridization with GWO. This
hybrid algorithm is structurally distinct from HGWOSCA. The detailed description of the SC-
GWO algorithm is provided in the following sections.

2.4 Proposed SC-GWO Algorithm

This section first discusses the motivation behind hybridizing SCA and GWO, followed by
presenting the framework of the proposed algorithm and its pseudo-code.

2.4.1 Motivation

While SCA is highly regarded for its strong exploration capabilities, it sometimes struggles
with low exploitation and an imbalanced approach between exploration and exploitation.
SCA's propensity to bypass correct solutions during its search can lead to weak lo
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searchability. On the other hand, GWO successfully balances exploration and exploitation but
can become stagnant at local optima, particularly when many local optima exist. To address
these challenges, the new SC-GWO method is introduced. In SC-GWO, the search mechanism
of SCA is first modified based on social and cognitive components. This enhanced search
mechanism is then combined with GWO to achieve a more effective balance between
exploitation and exploration. The following section provides a detailed description of the
proposed SC-GWO algorithm.

2.4.2 SC-GWO Algorithm

The SC-GWO algorithm enhances the original SCA by introducing three significant features:
(1) the inclusion of social and cognitive directional components, (2) the application of a
weighted factor to the position component, derived from SCA's distinctive search mechanism,
to ensure a balance of diversity, and (3) the incorporation of the GWO phase to achieve an
optimal balance between exploration and exploitation. The following subsections will provide
a detailed explanation of these enhancements.

2.4.3 Social and Cognitive Components

In the SC-GWO algorithm, the search equation incorporates social and cognitive components.
This inclusion ensures that every search agent contributes to the process and investigates
promising areas close to the best memories of the search agents. These components constrain
the search agents around their personal best and the global best memories, facilitating the
exploitation of promising regions near the top available memories.

2.4.5 The Weighted Factor for the Position Component of SCA

In SC-GWO, a weighted factor is introduced for the position component obtained by SCA's
original search mechanism. This factor controls high diversity during the search, preventing
the skipping of true solutions. The modified search equations based on these features are as
follows:

f;’l = w-xl-tj-r1 +1y (xfp'j —xi_j) +7y (xl';,j — xit,j)

(14)

X

where w is a weight factor that controls diversity during the search. In the algorithm, it has
been fixed in the interval [0.7, 0.2] and decreased linearly over the iterations. r1 and r2 are the
uniformly distributed random numbers between 0 and 1. xfpand xkrepresented the personal

best position of i th candidate solution and global best solutions at t th iteration, respectively,
and x{** is the updated position of the candidate solution x; at iteration, t + 1 using original

SCA.
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2.4.6 Integration of GWO Phase

In the SC-GWO algorithm, new promising regions are explored using the original SCA along
with the proposed factors, after which each search agent undergoes the GWO phase. This phase
ensures a balanced approach between exploration and exploitation throughout the search
process. Additionally, the GWO phase allows for search operations to be concentrated around
the best solutions, leveraging the optimal memory of the population. During the GWO phases,
search agents, initially dispersed to investigate new areas of the search space, update their
positions based on the best solutions within the population, thereby finding new optimal
positions.

The search procedure of the proposed SC-GWO algorithm is presented in Algorithm 3.

1 Configure the following parameters: maximum number of iterations (T), population size (NP).
2 Set up the population of search agents, P = [x; ;] from scratch

3 Determine the fitness level for every search agent.

4 Initialize the inertia weight w

5 Out of all the search agents, choose the best answer (xp)

6 Set the loop counter it =0

7 while it<T

8 Update the weight of inertia w

9 fori=1:NP

10 update the position of each search agent using equation (1), (2) and (14)
11 calculate the fitness of updated search agent x£

12 update the personal best solution Xi,

13 end of for

14 select the three best solutions as alpha, beta and delta from the set
15 {xv} U P' for GWO phase, where P' = [xlf,j]

16 Set P =P

17 %%%%%%%%%% GWO phase %%%%%%%%%%

18 fori=1:NP

19 update the position of search agent x; using equation (4)

20 calculate the fitness at updated search agent xlt

21 update the personal best solution xij,

22 end of for

23 update the best solution xy

24 P=[x;;]

25 it=it+1

26  end of while

27  return the best solution xp
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Z(Ctotal(t):(Pload(t)_ {PPV(t)+S(t)XPEV-charge(t)) X Ce—off-peak+Pload(t) X Ce—peak(t)} )
(15)

Z(Ctotal(t):(P load( t)_ {P PV( t)+S (t) xP EV—charge(t) } X Ce—off-
peak+ [P load(t)_S (t) X (P load( t)_P threshold)] X Ce—peak( t))
(16)

Explanation:

1. Ppv(t): This represents the power generated by the PV system at time tz. It is subtracted
from the load Pload(t)Pload(7) because the PV energy offsets the amount of electricity
that needs to be drawn from the grid.

2. Updated Terms:

e Pioad(t): Total residential load at time tz.
e S(t): Status of the EV charging (1 if charging, 0 otherwise).
e Prv-charge(t): Power used for EV charging at time t.
e Ce-oft-peak: Cost of electricity per kWh during off-peak hours.
o Ce—peak(t): Cost of electricity per kWh during peak hours.
e Ptnreshora: Planned peak load reduction threshold.
e Chotal(t) : Total cost

2.4.7 PV design

Photovoltaic (PV) cells transform sunlight (photons) into electrical power via the photovoltaic
effect. To achieve the desired current and voltage at the output of a PV panel, PV cells are
connected in series and/or parallel configurations . The relationship between the current () and
voltage (V) of a PV cell is given by Equation (17) .

o [’{("‘},r _I;J:'R.ar'} L’;-"" _ Ir'”' R""
I Py — I pe I exp ( N.nkT ! R
(17)

In this context, Ipc represents the photovoltaic current (A), Is is the cell's reverse saturation
current (A), g denotes the electron charge (1.602 x 10!° C), n is the cell's ideality factor, k is
the Boltzmann constant (1.381 x 102 J/K), T is the operating temperature (K), Ns indicates

the number of PV cells connected in series, Rse is the series resistance of the cell (Q2), and R
is the shunt resistance of the cell (Q2).

The sizing of a photovoltaic system can be determined using Equation (18).
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PVsize = —Li_
— 1y(kW)
(18)

Here, Lq is the load to be supplied by the PV generation (kWh), I44 refers to the peak sun hours,
which is approximately 5.7 hours per day in the target area, and d is the de-rating factor,
assumed to be 85%.

2.4.8 EV design

In recent years, lithium-ion (Li-ion) batteries have gained widespread use in hybrid electric
vehicles (HEVs) and electric vehicles (EVs) because of their high specific energy, high energy
density, low self-discharge rate, safety, excellent charge and discharge rates, and long lifespan
compared to other battery types. Consequently, this study utilizes a Chevrolet Spark EV, which
is equipped with a Li-ion battery. The battery can be modeled using Equation (19).

In this model, Vi denotes the terminal voltage of the battery (V), Vo represents the open-
circuit voltage (V), R; is the internal resistance (£2), ivart 1s the actual load current of the battery
(A)—negative during charging and positive during discharging—and Vp is the voltage drop
due to the polarization process (V), also known as the polarization voltage.

The state of charge (SOC) of the battery, expressed as a percentage, can be determined using
Equation (20), known as the ampere-hour integral or Coulomb counting method. In this
equation, SOCy is the initial state of charge (%), Cx is the rated capacity (Ah), and 1 represents
the Coulomb efficiency.

The SOC will vary based on charging from the grid and PV or discharging to supply the load,
according to the constraints of the EV battery capacity. The SOC can be further defined using
Equation (21). Here, (SOC(t) is the state of charge at time t, Ipvev(t) is the current from PV to
vehicle, Igev(t) is the current from grid to vehicle, and Igvr (t) is the current from vehicle to
load.

To prolong the battery's lifespan by minimizing deep charge/discharge cycles, a minimum and
maximum limit for the SOC is established. This is done to avoid overcharging or deep
discharging of the EV battery. The SOC is thus constrained by the limits defined in Equation
(22), where SOCmin and SOCpax are the minimum and maximum state of charge limits,
respectively.

Ifbu” — I"futr Rii‘baﬁt VD

(19)

g .
SOC = S0OC, (.,—l\ Ln hitpandt 0
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SOCy + &= L (IpvEy(t) + IgpV(t))dt if charging

SOC, F—l\ fm hlpyr(t)dt if discharging
' 21

SOC(t) =

SOC,,i, < SOC(t) < SOC s (22)
2.4.9 Load

To study the different cases a typical load profile has been considered. The Fig. 3 has been
used for load profile in the analysis process.

kW

T T T T T T T T T T T T
-2 0 2 4 6 8 10 12 14 16 18 20 22 24
Day (hr)

Fig 3. Load profile of the study
3. Results and analysis
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Fig 3: Iteration for cost optimization
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The figure shows the objective function values over iterations for three cases: Case 1 (black),
Case 2 (red), and Case 3 (blue). Initially, all cases start around 19.6, with a rapid decrease
indicating quick early improvement. Case 2 (red) decreases the fastest, stabilizing around
17.90, showing the best performance. Case 3 (blue) decreases more gradually, stabilizing
around 18.34, indicating moderate performance. Case 1 (black) decreases initially but stabilizes
around 18.61, indicating the least effective performance. The convergence patterns show
different efficiency levels, with Case 2 being the most effective, followed by Case 3 and then
Case 1. All cases eventually reach stable values, demonstrating convergence. The variations in
final objective function values suggest that different methods or parameters were used,
affecting their performance.

3.1.1 Battery analysis
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Fig 4: Battery charging and discharging
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The graphical representation in Fig.4 illustrates the temporal patterns of battery charging and
discharging power. Analysis of the figure reveals distinctive trends among the different cases.
Notably, Case 2 exhibits the highest total battery discharging power. Conversely, Case 1
demonstrates the lowest total battery discharging power.

In summary, the graphical depiction offers valuable insights into the distinct charging and
discharging power profiles of the various cases. It highlights the dynamic interplay between
energy sources and loads, showcasing the efficacy of each case's energy management strategy.

3.1.2 Energy analysis
Case 1

16

—8— Load
14 | TN Grid Energy
EEl Battery Discharge

Energy (kWh)
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(a) Case 1
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(c) Case 3
Fig 5: Energy demand of the system

The figures Fig 5: (a-c) illustrate the distribution of energy usage over a series of time intervals
for three different cases. The red line with circular markers represents the load (demand) in
kW, while the stacked bars show the energy sources meeting this load. The blue segments of
the bars represent energy drawn from the grid, and the green segments represent energy
supplied by battery discharge. Initially, both the grid energy and battery discharge contribute
to meeting the load, with the total closely following the red load line. Noticeably, at certain
intervals, the battery discharge contributes significantly, reducing reliance on grid energy.
Conversely, during the period when the load decreases sharply, leading to a minimal battery
discharge and a reliance almost entirely on grid energy. Overall, the combined energy from the
grid and battery consistently meets or exceeds the load, ensuring no shortfall in energy supply.

3.2 With PV
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Fig 6: Iteration for cost optimization

Volume 49 Issue 4 (December 2025)
https://powertechjournal.com




Power System Technology

/Y 1SSN:1000-3673

Received: 16-10-2025 Revised: 05-11-2025 Accepted: 22-12-2025

The figure 6 illustrates the objective function values over iterations for three cases. Case 1
begins near 17.0, decreases rapidly, and stabilizes just above 16.1965. Case 2 also starts around
17.0, drops the fastest, and stabilizes at the lowest value, approximately 15.6. Case 3 (blue line)
starts slightly below 17, decreases gradually, and stabilizes around 15.97, the highest final
value among the cases. All cases show an initial rapid decline, indicating quick improvement,
followed by convergence to stable values. Case 2 achieves the lowest objective function value,
suggesting it is the most efficient, while Case 3 has the highest stabilized value, indicating it is
the least effective. The differences in final values imply varying efficiencies and effectiveness
of the strategies or parameters used in each case, with Case 2 being the most optimal and Case
3 the least.

3.2.1 Battery energy
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Fig 7: Battery charging and discharging

The figure 7 illustrate the battery charging and discharging patterns over a 24-hour period. In
three graphs, battery charging (red bars) predominantly occurs during the middle of the da
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to 17 hours) when there is likely excess energy from sources like solar PV. Battery discharging
(black bars) happens mostly during the 0 to 6 hours and 17 to 24 hours when the energy demand
is higher, and solar energy is not available. The intensity of charging and discharging varies
slightly between the three figures, with the second graph showing a more pronounced discharge
during the 17 to 22 hours and a slightly higher charging rate during midday 11 to 14 hours.
This indicates a strategic utilization of battery storage to balance energy supply and demand,
ensuring availability during peak demand periods and charging during periods of low demand
or high renewable energy production.

3.2.2 Energy Analysis
Case 1

Energy (kW)
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Fig 8: Energy demand of the system

The analysis of the figures 8 (a-c) presents two scenarios depicting energy consumption and
sources in a residential setting across a 24-hour period. Case 1 showcases predominant grid
energy usage in the early hours, gradually supplemented by PV energy and intermittently by
battery discharge. As daylight progresses, PV energy becomes the primary source, reducing
grid reliance until sunset, where grid usage increases again. Case 2 mirrors this pattern but with
a more optimized use of PV energy, resulting in a slightly more balanced load distribution.
Both cases effectively utilize battery discharge during peak load times and when PV energy is
insufficient, thereby reducing grid dependency. Overall, the integration of PV systems and
battery storage demonstrates a clear reduction in grid energy consumption during daylight
hours, with strategic battery usage further enhancing energy management, particularly during
peak demand and PV energy absence. Case 3 figure illustrates a 24-hour energy distribution
involving Load, Grid Energy, PV Energy, and Battery Discharge. The energy demand (Load)
is highest in the early morning and evening, peaking at hours 6 and 18. Grid Energy (blue bars)
dominates during the night and early morning (0-7 hours) and again in the 17-23 hours. PV
Energy (orange bars) starts contributing from hour 6, peaks between hours 9 and 15, and is
absent during the night. Battery Discharge (green bars) supplements energy in the 5-7 hours
and 18-21 hours, with minimal use midday. The graph shows a strategic use of solar energy
during daylight and a mix of grid energy and battery discharge to meet demand during other
periods.
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3.3 Cost comparison
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Fig 9: Cost comparison

The Fig 9 illustrates a cost comparison across three cases, each evaluated with and without
photovoltaic (PV) systems. In Case 1, costs drop from approximately $18.61 without PV to
$16.19 with PV, saving around $2.42. For Case 2, costs decrease from $17.90 without PV to
$15.60 with PV, resulting in a $2.30 saving. In Case 3, costs reduce from $18.34 without PV
to $15.97 with PV, saving about $2.37. These analyses highlight the effectiveness of PV
systems in reducing energy expenses. Overall, integrating PV systems markedly decreases
costs across all cases. Case 1 has the highest cost without PV, followed by Case 3 and Case 2.
With PV, costs are lowest in Case 2, followed by Case 3 and Case 1. The findings clearly
support PV technology as a cost-effective solution for energy management in residential
settings, emphasizing significant cost reductions when PV systems are utilized.

3.4 Battery power comparison
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Fig 10. Battery energy
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The Fig 10 reveals that all cases have identical charging values of 84.24268 kW, indicating
that the battery storage capacity is consistent across all scenarios. However, the discharging
values, both with and without EVs, vary. Case 2 exhibits the highest discharging values
(62.4497 kW with EV and 77.69965 kW without EV), while Case 1 shows the lowest (55.7683
kW with EV and 71.01802 kW without EV). This suggests that, although the storage capacity
is the same, Case 2 has higher energy utilization, implying more effective energy management
system.

4. Conclusion

the pressing global challenges of fossil fuel scarcity and environmental degradation have
spurred the development of renewable energy technologies and electric vehicles (EVs) to
alleviate dependence on traditional energy sources and mitigate pollution. However,
integrating these technologies into existing infrastructure poses significant challenges,
including grid instability due to the intermittent nature of renewables and erratic EV charging
behaviors. Addressing these issues necessitates sophisticated energy management systems that
synchronize EV charging with renewable energy generation. This study proposes an innovative
energy management strategy for smart homes equipped with both PV systems and EVs. The
strategy employs a two-stage monitoring system activated by various criteria to optimize
energy flow and minimize costs while meeting power demands and maintaining EV battery
state-of-charge (SOC). Results demonstrate the effectiveness of the proposed strategy, with
Case 2 exhibiting the most efficient performance in both scenarios, followed by Case 3 and
then Case 1. Battery analysis reveals distinct charging and discharging patterns among the
cases, with Case 2 demonstrating the highest total battery discharging power and Case 1
exhibiting the lowest. Energy analysis illustrates strategic utilization of battery storage to
balance energy supply and demand, reduce grid dependency, and optimize PV energy
utilization, particularly during peak demand periods. Cost comparison demonstrates significant
savings with PV integration across all cases, underscoring the cost-effectiveness of PV systems
for residential energy management. Integrating PV technology markedly reduces energy
expenses, with Case 2 showcasing the most substantial cost reduction both with and without
PV, followed by Case 3 and then Case 1. These findings underscore the viability of PV systems
as a cost-effective solution for residential energy management, offering substantial savings and
contributing to grid stability and environmental sustainability. Looking ahead, future research
endeavors could explore enhanced algorithms and advanced technologies to further optimize
energy scheduling and maximize cost savings. Additionally, there is scope for investigating the
scalability and interoperability of such energy management systems within larger smart grid
frameworks. Overall, by continuing to innovate in energy management strategies and fostering

synergies between renewable energy, EVs, and smart grid technologies, we can pave the way
for a more sustainable and resilient energy future.
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