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This study investigates the feasibility of a zero-energy house (ZEH) in northern Algeria,
integrating a grid-connected photovoltaic (PV) system and an electric vehicle (EV). The
optimal system performance is assessed using the Water Cycle—-Moth Flame Optimization
(WCAMFO) algorithm under two load profiles, considering cases with and without EV
integration. The optimization objective is to minimize the net present cost (NPC) while
satisfying constraints related to the renewable fraction (RF), rooftop area, and the zero-
energy balance. Two scenarios are analyzed to evaluate the technical, economic, and
environmental impacts on the ZEH. The proposed approach is benchmarked against
Hybrid Optimization Model for Electric Renewables (HOMER) software in terms of NPC,
cost of electricity (COE), and RF. The results show that WCAMFO consistently
outperforms HOMER across all configurations. For the base load case, the optimal
solution consists of a 2.28 kWp PV system and a 2.5 kW converter, achieving RF values
of 69% and 82.6% with negative COE values, indicating economic viability. EV
integration increases energy demand, reducing RF to 33.4% and 36.86%. However, by
optimally integrating the EV load while enforcing the zero-energy constraint and
maintaining RF above 50%, a positive energy balance is preserved. These findings
contribute to Algeria’s sustainable energy transition by presenting practical and cost-

effective solutions.

1. INTRODUCTION

Since 1995, Algeria has witnessed an annual increase of
about 2% in global greenhouse gas (GHG) emissions [1], and
the North African country ranks as Africa's third-largest
emitter of carbon dioxide (CO>), with a marginal increase of
around 4.4% in air pollution, which was recorded,
corresponding to 169.2 MT of CO; emissions in 2019 [2].

Therefore, the country has adopted sustainable green energy
policies and promoted energy efficiency with the objective of
limiting GHG emissions and alleviating climate change
impacts. To align with the national sustainable development
strategy, Algeria has been actively implementing and updating
various renewable energy programs and strategies [3]. One
major objective of these initiatives is to achieve a 7%
reduction in GHG emissions by 2030 [4]. As part of this effort,
photovoltaic (PV) energy stands out as the predominant
renewable energy resource in Algeria’s clean strategy [5, 6].

The Algerian residential sector accounts for over 44% of the
national energy consumption [7], making it responsible for
more than one-third of the overall GHG emissions [8, 9]. Thus,
this sector has been the target of many programs and actions
to raise awareness, measure energy use, and promote energy
efficiency [10]. However, to address these challenges, more
sustainable energy solutions are required. One promising

1207

approach is the uptake of hybrid systems combining renewable
energy sources and grid-connected systems, particularly suited
for residential and urban environments [11-14] and for net-
zero-energy house (net-ZEH) status (homes that achieve
energy self-sufficiency by generating as much energy as they
use each year).

Various studies have investigated the operation, control,
and optimization of hybrid PV grid-connected energy systems.
For instance, Chakir et al. [15] proposed a multi-level energy
management strategy for a PV/wind/battery energy system to
supply five Moroccan households. The recommended system
could control the energy made by hybrid renewable energy
sources (HRESs) and reduce the amount of energy that needs
to be purchased from the utility grid. In this literature [16], a
genetic algorithm (GA)-based optimization technique was
proposed to optimize a PV/wind/biomass grid-connected
system using the lowest cost criteria and a lifecycle
perspective. The study revealed that the hybrid system
contributes positively to energy autonomy, environmental
quality improvement, and job creation. Similarly, Falama et al.
[17] optimized and studied four hybrid backup grid-connected
systems under severe power outages using dual-objective
optimization applied through the firefly algorithm. According
to the findings, the on-grid PV battery was more cost-effective
than the grid without blackouts. Additionally, Dalton et al.
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[18] investigated the techno-financial feasibility of various
configurations of grid and renewable energy hybrid systems to
power a large-scale grid-connected hotel. Wind energy
systems demonstrated their economic viability as the most
feasible technology for this application. The authors in this
study [19] intended to optimize a PV grid-connected system
using Hybrid Optimization Model for Electric Renewables
(HOMER) software under four typical climate zones in
Queensland, Australia, and discovered that the PV grid system
is an efficient solution to curtail electricity bills and offset
carbon dioxide emissions. In this study [20], the optimal
design of a PV grid energy system for Makkah, Saudi Arabia,
was determined using HOMER software, considering the net
present cost (NPC), excess electricity, renewable fraction
(RF), and CO; emissions. In this study [21], an optimal cost-
effective system was addressed using a clonal selection
algorithm and a GA, where neural forecasting was applied to
predict the use of renewable energy sources and load demand
fluctuations. In relevant research, Gonzalez et al. [22]
proposed optimizing hybrid grid-connected PV/wind energy
systems incorporating real-time, hour-by-hour wind and solar
irradiation measurements and local energy usage based on the
lowest life cycle cost. Sensitivity analysis was also performed.
In study [23], the authors optimized the sizing of a residential
grid-connected PV-battery system using a GA.

A time-series simulation of the hybrid system was
performed to curtail the yearly electricity cost by adjusting the
battery charge and discharge cycles.

Numerous research endeavors have delved into the ideal
configuration of hybrid energy systems, with several of them
utilizing optimization tools like HOMER [24-27], Retscreen
[28, 29] and iIHOGA [30-32]. Other studies have focused on
other methods and approaches, like linear programming (LP)
[33, 34], mixed-integer linear programming (MILP) [35, 36],
stochastic programming [37, 38], dynamic programming [39,
40], robust optimization [41, 42], and metaheuristic methods,
which are commonly utilized to address the optimal
configuration of HRESs. Recently, several algorithms have
been widely implemented and proposed, including GA [43-
45], particle swarm optimization algorithm (PSO) [26, 46, 47],
gray wolf optimizer (GWO) [48-50], cuckoo search algorithm
(CSA) [51, 52], salp swarm optimization (SSO) [53, 54], bee
colony algorithm (BCA) [55, 56], and whale optimization
algorithm (WOA) [57]. These contributions clearly
demonstrate the robustness and efficiency of modern
optimization  algorithms,  particularly = metaheuristic
approaches, in addressing the complexity and sustainability
challenges of hybrid renewable energy systems.

More recently, machine learning—based approaches have
been introduced for energy optimization and management in
hybrid energy systems. Techniques such as artificial neural
networks [58, 59], support vector machines [60, 61], and
reinforcement learning [62, 63] have been employed for load
forecasting, renewable generation prediction, and adaptive
energy management strategies. These data-driven methods are
particularly effective in handling uncertainty and system
nonlinearity. However, their reliance on large datasets and
higher computational complexity may limit their applicability
in practical grid-connected PV systems without storage,
motivating the continued use of deterministic and rule-based
optimization approaches as adopted in this study.

In recent years, ZEHs characterized by low energy demand
[64] have received increased attention because of numerous
benefits, including cost-effectiveness, sustainability, and eco-
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friendliness [65-68].

In particular, various studies have examined different
aspects of ZEHs in the Algerian context [69-71].

For example, Missoum et al. [13] studied how well a solar-
heated bioclimatic house performed energetically and
explored the possibility of converting it into a ZEH by
integrating a grid-connected PV system. The findings
indicated that achieving ZEH status for a bioclimatic house
using this approach was highly feasible. However, the return
on investment would be considerably impacted by the
expensive nature of solar energy systems’ elements and the
comparatively lower costs of conventional energy sources in
Algeria. The microeconomic advantages of energy efficiency
for a single-family home were evaluated by Ringel et al. [72]
in two smart-home scenarios conducted in Algeria and
Germany, respectively. Similarly, Laib et al. [73] assessed the
efficiency of a grid-connected solar system and the energy
balance of a residential building, and implementing energy-
saving measures and integrating a grid-connected PV system
resulted in a positive annual electricity balance. Mokhtara et
al. [74] explored how variations in climate and building energy
performance influence the optimization of hybrid renewable
energy systems (HRESs) that integrate diesel-based electricity
generation to satisfy the energy demands of both low- and
high-performance residential structures. The researchers
employed a multi-criteria spatial analysis approach to establish
a renewable energy potential mapping framework for Algeria.
In addition, they used PSO and e-constraint methods to handle
the multi-objective aspects of the problem. The findings
revealed that low-efficiency buildings were the optimal
configuration for Tindouf and Adrar, whereas high-
performance buildings were the best configuration for Biskra
and Tamenrasset regions. In a previous study [75], the authors
explored the effectiveness of hybrid renewable energy system
integration in reaching nearly zero-energy building standards
across the Mediterranean area. The performance of three
specific systems was evaluated: the underground tank (UNT),
the earth-air heat exchanger (EAHE), and the solar thermal
collector. The study found that combining the three systems
effectively satisfied the residential space heating requirements
in Oran, Algeria, with a coverage rate of 131%.

This research contributes to Algeria's national renewable
energy objectives by focusing on residential ZEHs as a
potential pathway to achieve these goals. The study offers the
following contributions:

(i) Analyzing the feasibility, from both technical and
economic perspectives, of integrating grid-connected PV
systems and EVs into residential ZEHs in Algeria.

(i) Demonstrating the benefits of using the Water Cycle—
Moth Flame Optimization (WCAMFO) algorithm for
optimizing hybrid energy systems, with improved accuracy
and efficiency when compared to conventional methods like
HOMER software.

(i) Conducting a comprehensive sensitivity analysis to
evaluate how factors such as load consumption, RF, and PV
system capacity influence the overall system performance.

(iv) Examining the impact of local environmental
conditions, feed-in-tariff (FIT) policies, and the integration of
EVs on energy balance, RF, and economic feasibility for
residential ZEHs in Algeria.

The layout of the paper is presented as follows: Section 2
details the methodology adopted in the study and describes the
materials, methods, and proposed approach. Section 3
provides an overview of the case study, while Section 4



focuses on the discussion and analysis of the results. Lastly,
concluding remarks summarize the main findings.

2. MATERIALS AND METHODS
2.1 Methodology

This paper evaluates the impact of electric vehicle (EV)
integration on a residential load profile in northern Algeria. A
novel approach is suggested to optimize the grid-connected
PV system in a ZEH using the WCAMFO algorithm. The
proposed approach relies on the standard electric load profile
of an Algerian household with and without EV integration.
Considering two energy scenarios, an optimization analysis is
first performed to select the best design of the grid-connected
PV system components based on the FIT schemes
implemented in Algeria. Figure 1 illustrates the fundamental
schematic of the system.

Utlity Grid ™

Inverter

Figure 1. Fundamental schematic of a photovoltaic (PV)
grid-connected system

The optimization process prioritizes minimizing NPC and
cost of electricity (COE) while adhering to constraints such as
the RF, ZEH requirement, and available roof space. The
performance of the proposed WCAMFO-based optimization
is compared to that of HOMER software to assess their relative
effectiveness. Additionally, a sensitivity analysis explores the
influence of load consumption, RF, available roof area, ZEH
constraints, and PV capacity on the configuration of the
optimal hybrid energy system.

2.2 Proposed approach

This study uses a hybrid metaheuristic method called
WCAMEFO. Introduced by  Khalilpourazari  and
Khalilpourazary [76], the WCAMFO algorithm combined the
strengths of two existing algorithms: the water cycle algorithm
(WCA) and moth flame optimization (MFO). By merging
these two algorithms, the WCAMFO algorithm enhanced
performance in the exploration and exploitation phases.

2.2.1 Water cycle algorithm

The WCA represents a nature-inspired optimization method
introduced by Eskandar et al. [77] in 2012. Taking inspiration
from the natural movement of water in ecosystems, this
metaheuristic approach models how streams and rivers
converge toward the sea to address constrained optimization
problems [78, 79]. The optimization process of the WCA is
illustrated in Figure 2.

s
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Figure 2. Water cycle algorithm (WCA) optimization
process

An initial stream matrix is generated with dimensions N, X
D, where N, represents the population size and D denotes the
total number of variables in the system [77].

Sea
River;
River,
River;
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StreamNerrz
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where, N represents the total count of rivers and a single sea:

Ns = Number of rivers + i )
sea
The remaining population N eams 18 given in Eq. (3):
Nstreams = Np - N (3)

The quantity of water conveyed to a river or the sea is
determined by the volume of water in flow. An estimation of
the allocated streams for rivers and the sea is computed in the
following manner:

Costy, — Costy 41
N.
Lnt1Cn

NS, = round{ 4)

X Nstreams}

where, NS, is the count of streams that contribute to
individual rivers and the sea.

During the exploitation phase, the updated positions of
variables are acquired using the following equations:

)?stream t+1)=

- > > 5
Estream(®) + rand x € x (£oea(®) = Zsiream(®)
X)stream(t +1) = ©6)
Xstream (t) +rand x C X (Xriver () — Xstream (t))
N (7



X)river(t) + rand X C X ( sea (t) rwer (t))

Egs. (5) and (6) are used for streams that merge into the sea
and their respective rivers.

The iteration index is denoted by t. 1 < C < 2 denotes a
constant, and rand signifies a random number uniformly
distributed between 0 and 1. When a stream shows a lower cost
function value than its associated river, their positions are
interchanged. Similarly, in cases where a river exhibits a
higher cost function value than the sea, the river and sea are
interchanged.

The evaporation mechanism serves to prevent local optima
and occurs when a river or stream is close to the sea, as
determined by the following criterion:

i It Yt
{1fl|X sea — X river;

<dmpagxorrand < 0.1j=1,2,3,..,Ng, — 1

perform raining process (8)
end

where, d.x is @ small positive value that approaches zero
over time and diminishes according to the specified formula:

dmax'
wo=d )
max iteration

After fulfilling the evaporation process, the algorithm
proceeds with the raining step. During this process, a new
population of streams is generated at various locations.
Calculation of the positions for the new streams is performed
using the following formula:

new = LB +rand X (UB — LB) (10)

In the context of LB (lower bound) and UB (upper bound),
which define the optimization constraints, we can implement
a mechanism for constrained problems to generate streams
flowing directly to the sea. This approach enables a deeper
exploration of the solution space in proximity to the sea,
potentially leading to optimal solutions:

romam = Xsea T/t X randn(1, D) (11)
where, 1 is a coefficient associated with proximity to the sea.
2.2.2 Moth flame optimization algorithm

Developed by Mirjalili [80], the Moth-Flame Optimization
(MFO) algorithm is a nature-inspired metaheuristic method
that replicates the navigation behavior of moths, using

moonlight as a reference for orientation to solve optimization
problems, as illustrated in Figure 3.

4 4.'

w, '

Figure 3. Conceptual model of the fly behavior of moths

The MFO algorithm treats candidate solutions as moths,
using their positions in the search space to represent the
problem variables. This enables the exploration of different
dimensional spaces by adjusting the positional vectors of the
moths. The algorithm employs a population-based approach,
which represents moths as a matrix for efficient manipulation:

ml‘l m1_2 s s ml,d
my, My, mz'd

M= V . . (12)
Mp1 My o o Mpg

where, n represents the total moth population and d indicates
the dimensionality of the problem space. The fitness value for
each moth is stored in an array using the following
representation:

oM,

OM,
OM =| . (13)

oM

n

Each moth's fitness value is computed by evaluating the
fitness function using the moth's position vector (stored in the
first row of matrix M). The resulting value from the fitness
function is then allocated to the respective moth as its fitness
score, such as OM1 in OM. In addition to moths, another
important component of the algorithm is flames. A matrix akin
to the one used for moths is employed to represent flames and
is structured as follows:

Fii Fip = = Fig
pe|for Fooooo Fo (14)
Fui Frz o o Fag

where, n denotes the moth count and d represents the
dimensionality. The matrices M and F share identical
dimensions in Eq. (14). An array stores the fitness values of
the flames, structured as:

OH
OF,

OF =| . ? (15)
OF

n

The MFO algorithm employs a three-component system to
find the global optimum in optimization problems, structured
as:

MFO = (I,P,T) (16)

where, 1 create a population of moths along with their
corresponding fitness values:

1:0—>M,OM (17)
In addition, the P function moves the moths:

P:M->M (18)
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The function T returns a Boolean value: true when
termination conditions are met, false otherwise:
T:M - {true, false} (19)

To update the moth position, we use the following equation:

M,=S(M,,F) (20)
where, M;, Fj indicates i-th moth and j-th flame, respectively,
and S is the spiral function as follows:
S(M,,F,)=D,e" .cos(2t)+F, Q1)
where, D; is the distance between M; and Fj, b is constant, t is
randomly chosen in [—1, 1], and D; is calculated using the
following equation:
D=l @
To enhance the exploitation phase, the number of flames is

gradually decreased in relation to the number of iterations,
following the equation shown below:

N N-1

Slames

=round(N — I x

) (23)

During iteration I, N indicates the maximum flame count
and T denotes the total iteration limit. The number of flames
decreases as iterations progress.

2.2.3 Hybrid Water Cycle-Moth Flame Optimization
algorithm

The WCAMFO hybrid algorithm aims to combine the
strengths of the WCA and MFO algorithms, harnessing the
benefits of each. While the WCA excels in the exploration
phase, it lacks an efficient exploitation operator. On the other
hand, the MFO algorithm, which emulates moths spiralling
around artificial lights, demonstrates proficiency in exploiting
the solution space. However, it is prone to occasionally
becoming trapped in local optima [81].

In the WCAMFO algorithm, the foundational algorithm is
the WCA. The initial enhancement in the WCA involves
employing the spiral motion of moths to update the positions
of streams and rivers. In the standard adjustment process of the
WCA, the primary focus is on the region between the stream
and the river. When determining the next position, the new
position of the stream depends on how far it is from the river
into which it flows [76]. Conversely, the MFO algorithm
facilitates positional adjustments by moths freely in the
vicinity of their associated flame. This flexibility enables the
streams and rivers to use the spiral movement of moths to
update their positions. By incorporating this capability, the
hybrid WCAMFO algorithm significantly enhances its
exploitation ability, leading to improved optimization
performance [76].

Two processes are introduced in the WCAMFO algorithm
to improve the randomization, first the raining process: This
process is triggered when the gap between a river or stream
and the sea drops below a predefined threshold value dmax. In
the WCAMFO algorithm, the raining process is employed to
generate new solutions. The other process is the random walk,
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which allows the random movement of streams within the
solution space via a random walk, specifically using a Levy
flight.

The WCAMFO algorithm allows streams to move to new
positions using the following equation, which helps to make
the algorithm more random [76]:

Xi+1 = X; + Levy(dim) ® x; (24)
where, X;,; represents the next position, x; denotes the
immediate location, and dim indicates the number of decision
variables in the problem space. Levy flight is determined
through the application of the following formula:

0.01 X0 X1y

Levy(x) = TREE
2

(25)

where, 11 and 1, are randomly generated numbers between 0
and 1, and o is calculated as follows:

1
B

F(l+ﬁ)xsin(7;ﬂJ
o= - (26)
F(1+’8jxﬂx2[2j
2
2.3 Mathematical formulation of hybrid system

components

2.3.1 Photovoltaic model

The impact of temperature on the PV generator’s hourly
output power Ppy is considered. The calculation of Ppy
incorporates the PV generator’s area Apy (m?) and the solar
radiation on the tilted plane module G(t) (kW/m?) using Eq.
(27). Of note, the PV module’s efficiency declines with rising
temperature.

G
Py = UPV‘ninv‘APV'y'TI:l—i_]/T (T_TSTC ):I

STC

27

Solar PV module performance incorporates multiple
efficiency factors: mpy is the PV module -efficiency,
Niny denotes the inverter efficiency; Ggrc is the irradiance
under standard test conditions (STC), which is 1 kW/m?; T and
Tstc indicate the PV cell’s operating temperature and the
temperature at STC (25 °C), respectively. yt characterizes the
module's maximum power variation per degree Celsius
relative to the STC temperature of 25 °C. For crystalline
silicon, this coefficient typically ranges from -0.5 to -0.3%/°C
[82]. The derating factor y accounts for the system
performance losses, assumed to be 0.9 throughout this study
[83]. The temperature at which a PV cell is operating can be
estimated using a linear approximation using Eq. (28) [84].

G

T=T + ﬁ(TNOCT -20) (28)

a

where, T (°C) is the PV cell operating temperature, T, (°C) is
the ambient air temperature, G(kW/m?) is the incident solar
irradiance on the PV module surface, and Tyocr (°C) is the
Nominal Operating Cell Temperature (typically between 45
and 48 °C), which represents the cell temperature under



standard test conditions of 800 W/m? irradiance, 25 °C
ambient temperature, and wind speed of 1 m/s. This
formulation reflects the increase in cell temperature with
increasing solar irradiance and ambient temperature.

2.3.2 Inverter
The hourly AC power output of the inverter is calculated as:
Einv,out (t) = 77inv ’EPV (t) (29)
where, Ej,y 0 (t) (W) is the inverter output power at hour ¢,
Epy (t)(W) is the DC power generated by the PV array at the
same time, and 7;,, denotes the inverter efficiency. This
equation represents the conversion of DC power produced by

the PV array into usable AC power, accounting for inverter
losses.

2.3.3 Objective function
The NPC serves as the objective function in the
optimization problem, which can be calculated as follows [85]:

NPC =cost—-C, x (30)

CRF

where, Cqy represents the net grid interaction cost, calculated
as the difference between the energy purchased and the energy
sold, the overall cost of the grid-connected system comprises
the initial expense, replacement costs, and the ongoing
operation and maintenance expenses for the components
throughout the life span of the system, as given in Eq. (31)
[85]:

cost = Z [(Cl,k + Co'k X
k

The component indicator k delineates cost elements where
C, Cg, and Co represent initial, replacement, and operational
costs per kilowatt ($/kW), respectively. Ry indicates the single
payment present worth, while CRF designates the capital
recovery factor, both calculated through specified equations
[18, 86]:

CRF + CR,k X Rk) X Pk] (31)

N
1
Rk:;W (32)
awzlg%ﬁi (33)
(j+1)" -1

In this equation, j represents the real interest rate while N
denotes the number of replacements for component k. L
indicates the component's lifetime, and Tp represents the
project duration (25 years), which aligns with the PV panels'
expected lifespan. The real interest rate calculation employs
Fisher's formula as follows [26]:

0 =f

j= T+ f (34)

where, j represents the real interest rate, j' denotes the nominal
interest rate, and f indicates the annual inflation rate.
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2.3.4 Renewable fraction and zero-energy constraints

The RF represents the proportion of the total electrical
energy supplied to the residential load that originates from
renewable sources, namely PV generation in this study. It is
calculated as the ratio between the annual PV energy
production and the total annual energy supplied to the system,
which includes both PV energy and energy purchased from the
grid. An RF value close to unity indicates a high level of
renewable penetration and reduced dependency on grid
electricity. The calculation of the RF is determined as follows
[871]:

Eior = Epy + Epurch (395)
E
RF =222
P (36)

ot

where, Epyrcn tepresents the annual energy purchased from
the grid (kWh/yr), Epy is the annual PV energy (kWh/yr), and
Eiot 1s the annual energy production (kWh/yr).

It should be noted that the RF is an annual, energy-based
indicator and does not explicitly account for temporal
mismatches between PV generation and load demand. In
practical grid-connected applications, periods of surplus PV
generation and grid electricity imports may still occur, even
when high RF values are achieved. Consequently, while RF is
a useful metric for evaluating the long-term contribution of
renewable energy, it does not fully capture short-term
operational constraints or grid interaction dynamics. For this
reason, a zero-energy balance is introduced as a constraint to
ensure that the overall annual energy consumption of the
system is balanced by renewable energy generation. To
achieve a ZEH, the total energy produced by the PV system
must be equal to or greater than the household energy demand:

Ey 2 E,, 37)
where, Epy refers to the total electrical energy output of the
PV system and E,,,q is the amount of energy consumed by the
house.

2.4 Electric vehicle charging characteristics

Several factors influence the process of EV charging,
including the type of vehicle, battery technology, battery
capacity, battery state of charge (SOC), charging power level,
and charging behavior [88]. The following mathematical
model simulates the typical charging profile of lithium-ion EV
batteries [89]:

P
tz_t
-t

0<t<t,

P(t) = (38)

t<t<t,

where, P(t) denotes the charging power at time t, P, represents
the rated charging power determined by the selected charging
mode, and t;, t, are the respective start and end times that
define the variation in charging power as the battery nears full
capacity.

This study only uses slow charging power (Mode 1) among
the three charging classifications presented in Table 1 and
Figure 4. The EV characteristics are summarized in Table 2.



Table 1. Parameters of the electric vehicle (EV) battery

exceeding 1,000 kWh at a rate of 5.479 DZD/kWh.

charging profile
Table 4. Residential feed-in tariff rate
Mode 1 Mode 2 Modes 3 and 4
Pr (kW) 3.5 6.6 40 Band Energy Cost
ti (h) 6.3 35 0.5 ands (cDA/KW) ($/kWh)
t2 (h) 8 4 0.75 Band 1 1.778 0.013
Band 2 4.178 0.031
A Band 3 4.812 0.035
. SOC 0% Band 4 5.479 0.044
)
z / Pr
=]
ﬁ:ﬂ | 3. CASE STUDY
= ' SOC 100% o , , : .
o0 : This section provides details about the site's location, load
; I / profile, meteorological conditions, as well as the technical and
8 > economic input data used in modeling the hybrid PV grid
t t> system.

Figure 4. Charging profile of lithium-ion electric vehicle
(EV) batteries [90]

Table 2. Characteristics of the electric vehicle (EV) chosen

Characteristics Value
Battery capacity (kWh) 16

Autonomy (km) 80

Delay time (h) 4-8h

2.5 Designed system specification

The technical and economic specifications are detailed in
Table 3. The PV system features the CEM240P-60, a multi-
crystalline module produced by the Algerian Manufacturer
Condor. This module delivers 240 Wp with 14.7% efficiency
at an upfront cost of 1312 $/kWp. DC to AC conversion is
handled by an inverter operating at 95% efficiency, requiring
an initial investment of 600 $/kW and replacement cost of 300
$/kW, with a ten-year service life.

Table 3. Technical characteristics and cost-related attributes
of the system

Inputs Value
Project lifetime (yr) 25
PV module lifetime (yr) 25
Inverter lifetime (yr) 10
Inverter efficiency (%) 95
Nominal discount rate (%) 8
Real interest rate (%) 4
PV module cost ($/kWp) 1312
Inverter cost ($/kW) 600
Grid sell-back price ($/kWh) 0.148

Sonelgaz, Algeria's national utility company, manages the
power grid, while the Regulatory Commission for Electricity
and Gas oversees electricity pricing. Residential customers
typically use the 54 M tariff rate. Table 4 provides
comprehensive details about Algeria's residential feed-in tariff
structure, which consists of four pricing tiers, the first tier
applies to consumption between 0 and 125 kWh at a rate of
1.778 DZD/kWh, the second tier covers consumption between
126 and 250 kWh at a rate of 4.178 DZD/kWh, the third tier
applies to consumption between 251 and 1000 kWh at a rate
0f 4.182 DZD/kWh, and the fourth tier applies to consumption
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3.1 Site description

This case study focuses on a low-energy pilot house built
under the European MED-ENEC initiative, as part of a
scientific partnership between Algerian Renewable Energy
Centre (CDER) and the National Center for the Study and
Integrated Research of Buildings (CNERIB). The dwelling is
located in the suburban region of Algiers, within the Souidania
Municipality. With an approximate area of 90 m?, the house is
designed to accommodate a family of five. It comprises three
rooms, a kitchen, toilet, bathroom, courtyard, and corridor.
Figure 5 provides a general overview of house [73].

Figure 5. General view of the house (Souidania, Algiers)
3.2 Meteorological characteristics

The solar resources utilized in this research were sourced
from the NASA Surface Meteorology and Solar Energy (SSE)
database. The dataset includes information on global
horizontal solar radiation, which varies between 2.23 and 7.26
kWh/m?/day.

The location receives an estimated average annual solar
radiation of 4.85 kWh/m?/day, accompanied by a clearness
index of 0.58, as depicted in Figure 6. The selected location
offers favorable conditions for the implementation of PV
systems, as it receives sufficient solar radiation for efficient
energy generation.
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Figure 6. Meteorological characteristics of the site: a) solar
radiation data and b) ambient temperature

3.3 Load profile

Initially, we conducted an evaluation of -electricity
consumption by considering the use of efficient electrical
equipment, excluding EVs. Table 5 summarizes the electrical
equipment used in the house, along with its corresponding
characteristics.

Table 5. Characteristics of electrical equipment

Area Device Power (W) Quantity
L1: Light 11 3
Living room El: TV 160 1
E2: Demo SAT 30 1
L2: Light 11 2
Room 1 Fan 75 2
L3: Light 11 2
Laptop 90 1
Room 2 Wi-Fi 60 1
Mobile charger 15 1
L4: Light 11 2
Room 3 Tablet 30 !
. L5: Light G 15 1
Kitchen E3: Refrigerator 40 1
L6: Light 11 1
Bathroom E4: Wa.shmg 1250 1

machine

wC L7: Light 11 1
Corridor L8: Light 6 2

In this part, two hourly domestic load patterns are
considered for the house: summer profile (from April to
September) and winter profile (from October to March). The
daily average consumption is 5.2 kWh/day. Figure 7 shows the
basic load profile without the EV. Electricity consumption is
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typically higher during summer months compared to winter
due to the increased use of ventilation requirements and
additional lighting.

As EVs are still in the early planning stages in Algeria,
adequate data concerning their actual charging operations is
scarce. Therefore, to study the impact of adding an EV to the
basic domestic electrical load, the electrical consumption of an
EV is added to the daily load profile.

According to Moon et al. [91], over 85% of EV charging
occurs at home, with owners typically charging their vehicles
overnight. Consequently, we chose to initiate the charging
process for the EV battery at nighttime, specifically from
01:00 to 05:00. A duration of more than 4 h achieves at least
an 80% EV charge. Figure 8 provides a visual representation
of both daily load profiles, considering the inclusion of the EV.
In winter and summer, peak consumption occurs between
01:00 and 05:00, which corresponds to the charging period of
the EV. Additionally, from 14:00 to 17:00 and 20:00 to 23:00,
the summer season often sees elevated electricity demand
relative to winter, primarily driven by cooling loads associated
with high ambient temperatures.
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Figure 8. Daily load consumption with the electric vehicle
(EV)

4. RESULTS AND DISCUSSION

The modeling and optimization of the system in this study
were carried out using MATLAB software. The code was
developed to incorporate the WCAMFO hybrid algorithm,
which is employed to identify the optimal configuration of a
grid-connected PV system under two distinct scenarios.

Scenario 1: The grid-connected PV system is configured
such that all the produced PV energy is sold to the grid, while



all the energy consumed by the household is purchased from
the grid. In other words, any energy generated by the PV
system is fed back into the grid, and households rely entirely
on the grid for their energy needs. Eq. (39) shows the hourly
profile of PV energy transactions with the grid, encompassing
both energy purchases and injections.
Epurch(t) = Eload (t) and Esold (t) = EPV(t) (39)
Scenario 2: The home purchases only the electricity needed
from the grid. Any surplus energy generated by the PV system
is fed into the grid and sold to the electricity provider. This
setup allows the home to offset its electricity consumption by
using PV-generated electricity and potentially earn credits or
financial compensation for the excess energy supplied to the
grid.
( Epurch(t)
= Eload(©) — Epy(£), Ego1a () = 0,if Ejpaq(t) > Epy(t)
Ego1a(t)
= Epy() — Ejgad (t), Epuren(t) = 0,if Ejgaq(t) < Epy(t)

(40)

Both energy scenarios' are

formulated using Eq. (41):

optimization problems

Min{NPC(x)}x € ss x = (Ppy)
S <16 m?
RF = 30%
Epy 2 Epgaq

Subject to “1)

Basic load
100

(2]
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Figure 9. Net present cost (NPC) convergence comparison
between Water Cycle—Moth Flame Optimization
(WCAMFO) and particle swarm optimization algorithm
(PSO) for basic load

NPC serves as the objective function. The constraints
include the RF, available roof area, and zero energy
consumption requirements. The analysis evaluates the hybrid
grid-PV system over a 25-year lifecycle to assess its technical,
economic, and environmental performance under two
different energy scenarios. These scenarios are constructed
based on previously established input parameters. The
population size is set to 50, with the algorithm executed over
100 iterations. First, the WCAMFO algorithm is compared
with PSO. Figure 9 presents the convergence behavior of both
algorithms in minimizing the NPC under the basic load
scenario. WCAMFO converges to the optimal NPC value of
—223.269 $§ within fewer than five iterations and exhibits
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stable convergence without oscillatory behavior. In contrast,
PSO requires approximately 10-12 iterations to reach a
comparable solution. These results demonstrate the faster
convergence rate of WCAMFO. The improved performance
of WCAMFO is attributed to its hybrid search mechanism,
which provides an effective balance between global
exploration and local exploitation. Conversely, PSO is more
susceptible to premature convergence and oscillations due to
its velocity update formulation and sensitivity to parameter
settings. Consequently, WCAMFO achieves reduced
computational effort and improved stability, making it suitable
for complex nonlinear optimization problems such as energy
management systems with EV integration.

Figures 10 and 11 illustrate the convergence curves for the
different load profile scenarios. WCAMFO achieves the
optimal solution within three iterations for both scenarios.
However, the first scenario achieves a superior minimum
value (NPC), whereas the second energy scenario yields a
higher RF.

Basic load
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Figure 10. Net present cost (NPC) convergence curve for
basic load using the Water Cycle—Moth Flame Optimization
(WCAMFO) algorithm
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Figure 11. Net present cost (NPC) convergence curve for
load & electric vehicle (EV) using the Water Cycle-Moth
Flame Optimization (WCAMFO) algorithm

Initially, the system is simulated using the basic load profile
for both energy scenarios to identify the optimal solution that
meets the criteria of an RF exceeding 30%, a roof area of less
than 16 m?, and zero energy. Subsequently, the simulation was
repeated for the load profile incorporating the integrated EV,



employing identical configurations, and the outcomes were
compared and analyzed.

Beyond the convergence performance, the obtained
optimization results provide important insights into the
practical integration of PV systems in residential buildings in
Algeria. The rapid convergence of the WCAMFO algorithm
within a few iterations indicates its suitability for real-world
applications where computational efficiency is essential for
system sizing and economic assessment. The lower NPC
observed under the basic load scenario reflects the reduced
system stress and more stable demand pattern, whereas the
load + EV scenario introduces higher energy demand and
variability, resulting in increased NPC despite improved RF.

Furthermore, for the purpose of validating the outcomes
generated through the WCAMFO algorithm, a comparative
analysis was conducted with the HOMER software. The
comparison focused on key metrics such as NPC, COE, and
RF. The results are summarized in Tables 6 and 7.

Table 6. Simulation results for the basic load

Basic Load
WCAMFO WCAMFO HOMER
(Scl) (S8¢2) (Sc2)
NPC ($) -1941.88 -223.4 31.44
COE ($/kWh) -0.023 -0.0032 0.00049
PV production
(kWh/year) 3693.7 3693.7 3471
Grid Purchases
(kWh/year) 1658.31 779.73 759
Grid Sales
(KWh/year) 3693.7 2815.11 2481
RF (%) 69 82.6 81.3

Note: NPC = net present cost; COE = cost of electricity; PV = photovoltaic;
RF = renewable fraction, WCAMFO = Water Cycle—-Moth Flame
Optimization; Scl = scenariol; Sc2 = scenario2; HOMER = Hybrid
Optimization Model for Electric Renewables

Table 7. Simulation results for Load + EV

Load + EV
WCAMFO WCAMFO HOMER
(Scl) (Sc2) (S8¢2)
NPC (%) 1093.85 2988.76 3048
COE ($/kWh) 0.0063 0.019 0.0203
PV production
(kWh/year) 3693.7 3693.7 3631
Grid Purchases
(kWh/year) 7356.48 6326.03 6331
Grid Sales
(kWh/year) 3693.7 2663.24 2481
RF (%) 334 36.86 36.5

Note: NPC = net present cost; COE = cost of electricity; PV = photovoltaic;
RF = renewable fraction; WCAMFO = Water Cycle-Moth Flame
Optimization; HOMER = Hybrid Optimization Model for Electric

Renewables

For the basic load, the optimal solution consists of a 2.28
kWp PV system and a 2.5 kW converter. In y scenario 1, the
COE for the system is -0.023 $/kWh, while in Energy scenario
2, it is -0.0032 $/kWh. The NPC is -1941.88% for scenario 1
and -223.4$.

For scenario 2. The optimal system demonstrates significant
performance, achieving a RF of 69% in scenario 1 and 82.6%
in scenario 2. Furthermore, both energy scenarios result in an
annual surplus of electricity sold to the grid, with 3693.7
kWh/year for Energy scenario 1 and 2815.11 kWh/year for
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Energy scenario 2, surpassing the energy purchased from the
grid, which amounts to 1658.31 kWh/year for scenario 1 and
779.73 kWh/year for scenario 2.

Upon connecting the EV, the energy obtained from the grid
increases significantly, reaching 7356.48 kWh/year for
scenario 1 (compared to the initial 1658.31 kWh/year) and
6326.03 kWh/year for scenario 2 (compared to the initial
779.73 kWh/year). This increase in grid energy consumption
directly correlates with a notable decrease in the RF, dropping
from 69% to 33.4% for scenario 1 and 82.6% to 36.8% for
scenario 2. Consequently, the expenses related to grid
purchases also escalate, rising from 44.88%/year to
237.06%/year for scenario 1 and from 20.95$/year to
203.79%/year for scenario 2.

Moreover, the NPC of the system increased from -1941.88
$ (basic load) to 1093.8$ (load + EV) for scenario 1 and from
-223.4$ (basic load) to 2988.76$ (load + EV) for scenario 2,
which can be attributed to the heightened grid purchases.
Despite this, the PV system successfully met the energy
requirements of the load + EV in both energy scenarios and
generated a total income of 316.99$% and 195.7$, respectively.
The HOMER simulations closely aligned with our WCAMFO
outcomes, thus validating the reliability of our optimization
approach. For the Basic Load, WCAMFO algorithm
outperformed HOMER in economic terms, showing negative
NPC values. WCAMFO showed an NPC of -223.4$,
compared to HOMER's positive 31.44$, reflecting substantial
economic benefits. The COE was also negative in WCAMFO
energy scenarios, implying earnings from energy produced.
Additionally, the RF was higher in WCAMFO (82.6%) than
in HOMER (81.3%). For Load + EV, both algorithms
indicated increased costs. WCAMFO scenario 1 had a positive
NPC (1093.858%), and scenario 2 showed even higher costs
(2988.76%), similar to HOMER (3048%). Despite this,
WCAMFO demonstrated lower COE values, indicating more
cost-effective solutions. RF values were lower due to the
additional load from the EV, but WCAMFO still showed
slightly better economic performance compared to HOMER.

The results unequivocally demonstrate that the WCAMFO
algorithm performs comparably to HOMER, with slight
variations in the results. This validation establishes the
reliability and accuracy of the WCAMFO algorithm and
further validates its versatility. Figures 12 and 13 present the
hourly energy balance simulations for the basic load in
scenarios 1 and 2, respectively.

Figures 14 and 15 display the hourly energy balance
simulations for the load + EV in both energy scenarios. Figures
12(a)-15(a) for Energy scenarios 1 and 2 show that during
winter days, the available PV power is insufficient for
fulfilling the energy needs of the household. Conversely,
Figures 12(b) and 13(b) demonstrate that on summer days, the
energy generated by the PV system exceeds the load in both
energy scenarios. This indicates that the PV system adequately
fulfills the load demand. In scenario 1, excess power is
purchased from the grid, and PV energy is sold back to the
grid. In Energy scenario 2, surplus energy is consumed
internally, and any remaining surplus is injected into the grid.
Furthermore, Figures 14(b) and 15(b) illustrate that from 07:00
to 22:00, the PV-generated energy surpasses the load demand.
Nevertheless, between midnight and 06:00, the load
experiences an increase caused by the charging of EV
batteries, predominantly occurring during the nighttime from
01:00 to 06:00.
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4.1 Monthly variation analysis of energy generation in the
designed system Figure 15. Hourly energy balance for load+EV (scenario 2):

. (a) winter day and (b) summer day
Figure 16 shows that the monthly purchased energy from
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Figure 16. Average monthly energy output of the designed
system for the basic load (scenario 1, scenario 2)

Conversely, Figure 17 illustrates that in both load + EV
energy scenarios, monthly grid electricity purchases exceed
the amount of energy exported back to the grid. This outcome
leads to negative energy balances throughout the months,
indicating an overall energy deficit.
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Figure 17. Average monthly energy output of the designed
system for the load + EV (scenario 1, scenario 2)

4.2 Average monthly net grid interaction cost

Figures 18 and 19 show the variation of the net grid
interaction cost (Coy), which is found to be more favorable in
scenario 1 than in scenario 2 for both profiles. In the basic load
profile, C.x shows an increasing trend during the summer
months, peaking in July at 70.57 $/month for scenario 1 and
57.2 $/month for scenario 2.

Conversely, a decline is observed throughout the winter,
culminating in a minimum level in December at 16.04 $/month
for scenario 1 and 10.77 $/month for scenario 2. For the load
+ EV case, Coy follows a similar trend, rising during the
summer months, reaching its maximum value in July (54.25
$/month for scenario 1 and 39.67 $/month for scenario 2), and
decreasing during winter, culminating in a minimum in the
month of December (0.21 $/month for scenario 1 and —5.86
$/month for scenario 2). Overall, these findings underscore the
advantageous impact on the system’s profitability, especially
during the summer season.

4.3 Monthly variation of the carbon mitigation factor CO:

Based on estimated carbon emissions from the grid in
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Algeria, which amount to 517 g/lkWh [85], Figures 20 and 21
show the monthly variation of the carbon mitigation for the
basic load and load + EV, respectively. The mitigation of CO,
emissions is considerably greater during the summer months
than during winter in both considered energy scenarios.
Furthermore, Energy scenario 1 demonstrates a higher level of
CO, gas attenuation for both load profiles. In fact, it reached
86.22 kg in August for the basic load profile and 335.48 kg for

the load + EV profile.
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Figure 18. Average monthly net grid interaction cost (Cey)
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CO: for the basic load in the two energy scenarios

4.4 Impact of RF on net present cost, cost of electricity,

photovoltaic production, and grid sales profiles

Figures 22 and 23 illustrate the strong impact of the RF on



various parameters, including NPC, COE, PV production, and
grid sales, for the (load + EV) profile.
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Figure 21. Monthly variation of the carbon mitigation factor
CO; for (load + EV) in both energy scenarios
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Figure 22. Effect of renewable fraction (RF) on net present
cost (NPC), cost of electricity (COE), photovoltaic (PV)
production, and grid sales (load + EV in scenario 1)
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Figure 23. Effect of renewable fraction (RF) on net present
cost (NPC), cost of electricity (COE), photovoltaic (PV)
production, grid sales, and grid purchases (load + EV in

scenario 2)

The COE experiences a decline, reducing from 0.009
$/kWh to -0.0375 $/kWh in energy scenario 1and from 0.0254
$/kWh to -0.346 $/kWh in scenario 2, as the RF increases from
40% to 90%. The NPC exhibits a similar trend, decreasing
from 1475.99 $ to -43,071.5 $ in scenario 1 and from 3601.82
$ to -33,394.6 $ in scenario 2, with an increase in RF from
30% to 90%. Moreover, PV production and grid sales
demonstrate an upward trend in both energy scenarios as the
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RF increases from 30% to 90%. In scenario 1, PV production
and grid sales rise from 3152.6 to 66,207.93 kWh/yr.
Similarly, in scenario 2, PV production increases from
2727.34 to 55,583.2 kWh/year, whereas grid sales increase
from 1734.67 to 54,403.2 kWh/year.

4.5 Effect of photovoltaic-rated power on net present cost
and grid sales

Figures 24 and 25 showcase the significant impact of PV
rated capacity on NPC, grid sales and purchases, and roof
space for the load + EV profile. In scenario 1, the NPC
decreases from 1475.99% to -43,071.5% when the PV-rated
capacity increases from 2 to 41 kWp. Similarly, in Energy
scenario 2, the NPC decreases from 3601.82% to
33,394.6$ with the same increase in PV-rated capacity.
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Figure 24. Effect of photovoltaic (PV)-rated power on net
present cost (NPC) and grid sales (load + EV in scenario 1)
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Figure 25. Effect of photovoltaic (PV)-rated power on net

present cost (NPC), and grid sales (load + EV in scenario 2)

Consequently, the increase in PV-rated capacity leads to a
substantial increase in the quantity of surplus energy exported
to the grid in both energy scenarios. For scenario 1, grid sales
increase from 3152.6 to 66,207.93 kWh/year with grid
purchases of 7356.48 kWh. In scenario 2, grid sales increase
from 1734.67 to 54,403.2 kWh/year, which leads to a decrease
in grid purchases from 6363.81 to 6176.02 kWh/year. A
notable positive correlation exists between PV capacity and
the amount of roof space needed. This relationship emphasizes
the importance of considering available space when decisive
optimal PV capacity for a given installation.

From a practical perspective, these findings are particularly
relevant to Algerian residential buildings, where the
deployment of PV systems is often constrained by limited roof



area, variability in household electricity consumption, and
economic considerations. In northern coastal regions,
characterized by moderate solar irradiance, the optimization
results indicate that cost-effective PV integration requires
careful system sizing and effective load management
strategies. Conversely, in the high plateau and southern
regions, higher solar irradiance levels substantially enhance
PV energy production, leading to reduced grid dependency
and lower NPC under comparable system configurations.

In this context, although the proposed WCAMFO-based
optimization framework is validated through comparison with
HOMER, its generalization capability is further supported by
its evaluation under multiple load profile scenarios, including
EV integration and different seasonal operating conditions.
These scenarios represent a wide range of realistic operating
environments and demonstrate the robustness of the algorithm
in responding to variations in energy demand and solar
resource availability. Furthermore, the framework is data-
driven and parameterized, which facilitates its adaptation to
other geographical regions by incorporating region-specific
solar irradiance, temperature, and load characteristics.

5. CONCLUSION

This study evaluates the feasibility of a ZEH in northern
Algeria, integrating a grid-connected PV system and an EV.
The WCAMFO algorithm was used to optimize the system,
considering NPC as the primary variable, and RF, roof area,
and zero energy as constraints. A detailed sensitivity analysis
was conducted to assess system performance under different
scenarios. The WCAMFO algorithm was compared to
HOMER software for hybrid system optimization, revealing
superior outcomes in both load profiles. The findings reveal
that for the basic residential load, the optimal configuration
includes a 2.28 kWp PV system and a 2.5 kW converter. The
system achieves a COE of -0.023 $/kWh in scenario 1 and -
0.0032 $/kWh in scenario 2, with NPC values of -
1941.88% and -223.4%, respectively. Renewable energy
contribution reached an RF of 69% in scenario 1 and 82.6% in
scenario 2, highlighting the system's economic and
environmental benefits. However, integrating an EV
significantly increases energy demand, reducing the RF to
33.4% in scenario 1 and 36.86% in scenario 2 due to higher
grid reliance. To tackle this challenge, the system was
reconfigured to an optimized setup comprising a 4.54 kWp PV
system and a 5 kW converter. This adjustment ensured that
grid energy exports matched or surpassed imports, resulting in
enhanced performance metrics, including improved COE,
increased PV energy production, and a more favorable energy
balance.

These results highlight the importance of scaling up
renewable energy utilization and adopting advanced energy
management strategies to effectively integrate EVs into
residential energy systems. Future research should focus on
enhancing the proposed WCAMFO algorithm through
adaptive parameter tuning, multi-objective optimization, and
uncertainty modeling related to solar irradiance, electricity
tariffs, and EV charging behavior. In addition, the integration
of intelligent energy management strategies such as demand-
side management, coordinated EV charging, and vehicle-to-
home or vehicle-to-grid functionalities could significantly
reduce grid dependency and improve system flexibility.
Extending the proposed framework to include energy storage
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systems and validating it across different climatic regions and
residential building types would further support the scalable
and sustainable deployment of ZEHs with integrated EVs.
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NOMENCLATURE

Cr

initial cost, $/kW

Co operation and maintenance cost, $/kW
COE cost of energy, $/kW
Cr replacements cost, $/kW
CRF capital recovery factor
Cex net grid interaction cost, $
D total number of variables in the system
Egrid annual grid energy, kWh/yr
Epv Epv annual PV energy, kWh/yr
Eot annual energy production, kWh/yr
Gsrc irradiance under standard test conditions
J real interest rate
j nominal interest rate
LB lower bounds
MFO Moth-Flame Optimization algorithm
N number of replacements for component k
Np population size
NPC net present cost, $

number of streams that flow into rivers and
NS,

the sea
Ns total count of rivers and a single sea
Ppy PV power, kW
RF RF Renewable fraction, %
T, ambient temperature, °C
Tnoct nominal operating cell temperature, °C
Tp project duration
Tstc PV cell’s operating temperature, °C
UB Upper bounds
WCA Water cycle algorithm
Greek symbols
Y derating factor
Nev efficiency of a PV module
Ninv efficiency of an inverter [%]
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