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Abstract

Most power generation relies on fossil fuels, which are both finite resources and major contributors
to greenhouse gas emissions. In recent years, renewable energy sources such as solar, wind, and
biomass have played an important role in power generation to mitigate these concerns. However, the
successful modelling, operation, and integration of these sources into the grid system poses
significant challenges due to their inherent variability and dependency on environmental conditions.
Due to these challenges, determining the optimal capacity of renewables in a hybrid system is
complex. Thus, a robust methodology is required to address this design challenge effectively. To
achieve this, development of advanced modelling techniques is suggested that consider the
probabilistic nature of renewable energy sources and load patterns. This study analyses different
approaches, including the deterministic and probabilistic methods, and proposes an optimal
approach and design for a hybrid renewable energy system, which is more reliable with a reduced loss
of power supply probability and produces energy with 26.3% lower levelised cost of electricity
(LCOE) than fossil fuel-based alternatives such as the utility grid. A detailed analysis of the
compatibility of the proposed method with the actual real-time data is carried out, and the effect of
the grid purchase and sale capacities on the LCOE of the produced energy is examined.

1. Introduction

The electricity sector in India is undergoing a significant transformation. As of 2024, India’s total installed
power generation capacity stands at approximately 452.7 GW [1]. However, reliance on traditional (non-
renewable) sources like coal is continually declining. Although fossil fuels currently account for approximately
55.5% of total energy capacity, their dominance is progressively declining owing to sustainability concerns,
environmental impacts, and economic drawbacks [2]. Therefore, a shift towards renewable energy sources is
not just desirable, but necessary. On the other hand, renewable energy sources like hydro-power, wind, and
solar are on the rise, contributing approximately 44.5% of the total installed capacity. With a predominantly
agrarian economy supporting much of its population, India generates approximately 228 million tons of
agricultural waste annually. This untapped resource has the potential to generate approximately 11.32 GW of
power, offering a significant opportunity to enhance renewable energy production [3]. The use of this
agricultural waste for generating electrical power would decrease the burden on conventional means.

Renewable energy sources such as solar and wind are intermittent, meaning their generation varies based
on weather conditions and stochastic nature [4]. This unpredictability makes them dependent on external
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factors, leading to inconsistent energy production. Such variability presents challenges for grid stabilityand a
consistent power supply. The use of hybrid renewable energy systems (HRESs) can address this issue [5]. How-
ever, integrating these variable renewable energy sources into the power grid presents several challenges, like
power management issues, decreased reliability, and grid instability. To address these challenges, HRES that
combine with energy storage systems (ESS) are gaining traction [6]. HRES offers a promising solution for reli-
able and sustainable power generation. However, determining the optimal design of HRES is essential to ensure
economic viability, meet power demand, and maintain grid stability.

Numerous studies over the past few decades have focused on the optimal sizing of standalone HRES [7-10].
Suhane et al[11]in 2016 have proposed wind, photovoltaic (PV) off-grid HRES by considering the hourly
meteorological data per year. The optimisation has been carried out by ant colony optimisation algorithm to
optimise the energy cost and unmet load. In 2020, Hadi Razmi et al [ 12] modelled the standalone HRES with
wind, fuel cell, electrolyser, hydrogen tank, and biomass. Various optimisation algorithms have been used to
find the optimal sizing of HRES and to reduce the power supply cost per unit. In 2023, Menesy et al [13] pre-
sented the optimisation of grid-independent HRES with solar, wind, biomass, and hydro-pumped storage
using the heap-based optimiser by using the yearly data. The goal of the optimisation is to reduce the total
energy cost and to minimise the loss of power supply probability. The results are validated with the grey wolf
optimiser (GWO) and particle swarm optimisation (PSO). Yemeli et al [14] in 2024 proposed off-grid HRES
with solar, wind, diesel, and fuel cell for optimal sizing using various evolutionary algorithms. The optimisation
objective is to minimise the cost of energy (COE), subject to the reliability constraint of maintaining the loss of
power supply probability (LPSP) within acceptable limits. Different scenarios are considered based on the load
requirements, and various hybrid systems are compared.

The reliability of the power system can be improved by integrating the hybrid renewable energy system
(HRES) into the grid. However, this integration poses challenges due to the variable and stochastic nature of
renewable energy sources (RES), which can lead to issues such as frequency deviations, load mismatches, and
voltage instability [15, 16]. As a result, energy storage systems have become crucial for the successful grid inte-
gration of hybrid renewable energy sources [17—19].In 2017, Basaran et al [20] developed a grid-integrated
system with a PV, wind, and battery-based renewable system, considering cost optimisation and reliability, but
not the energy transfer aspects. Kutaiba et al [21] proposed an HRES aimed at minimising its cost using a fuzzy
logic - GWO technique. However, the modelling of the system is not adequately addressed. The objective of
cost minimisation and reliability maximisation for a system designed with PV, battery, and grid integration was
addressed in references [22, 23]. However, the variable nature of the energy sources and load was not thor-
oughly considered. In 2023, Chinna et al [24] proposed a grid-integrated HRES with PV, wind, a diesel gen-
erator, and a battery storage system. Using the HOMER with yearly data of renewable sources, they have carried
out a techno-economic and environmental analysis to construct the optimal system. A similar approach is
proposed in [25] with HOMER and analyses the effects of CO, CO, and NO, on Putrajaya city. But, variable
nature of the renewables or load is not considered. B.K.Reddy, et al [26] developed an approach for the optimal
operation of the cogeneration power plant, which is integrated with solar. The method uses the batteries to
support the critical loads, but the dependency on the renewable energy is minimal. To design the renewable
power-generation technologies with consideration of the intermittent and stochastic nature of the sources,
PDFsarerequired [27, 28]. The PDFs were utilised in [29, 30] to characterise the variable nature of the sources,
load, and power production. However, proper system modelling was overlooked.

Conventional HRES design approaches often fail to account for the probabilistic nature of RES and load
variations, resulting in sub-optimal system configurations that may not effectively address reliability concerns
or minimise costs. Additionally, utilising bio-waste for electricity generation can help reduce the loss of power
supply [31]. Furthermore, battery storage becomes crucial in managing these variations and ensuring grid
stability.

Designing a reliable grid-integrated HRES requires robust mathematical modelling to address the stochas-
ticand intermittent nature of renewable resources. While deterministic simulations using annual data are com-
mon, they can be computationally intensive and fail to explicitly model the underlying stochastic nature of
generation. This study introduces a probabilistic framework using Probability Density Functions (PDFs) to
characterize variability using statistical data, specifically comparing the efficacy of monthly versus seasonal
models for optimizing reliability and cost. This provides a streamlined, complementary design tool. Addition-
ally, existing optimal HRES designs often overlook biomass integration, a stable and dispatchable resource that
could significantly improve system reliability. Based on the above literature, this study proposes a dedicated
approach for the optimal design of grid-integrated HRES that incorporates a probabilistic framework to reduce
the Levelised Cost of Electricity (LCOE) from annual life cycle costing (ALCC) and LPSP. The Harmony Search
Algorithm (HSA) is employed to solve the optimisation problem, and the impact of the grid partitioning factor
is analysed.

The major contributions of this work are as follows:
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Figure 1. Schematic diagram of Grid-integrated Hybrid renewable energy system.

1. Finding the optimal combination of HRES with a deterministic approach, used historically in the literature,
which minimises both the LCOE and the LPSP using HSA;

2. Applying various PDFs on the solar, wind, and load profiles to identify a suitable PDF to model the HRES,
considering both monthly and seasonal variations;

3. Integrating the probabilistic models with a multi-objective metaheuristic algorithm to design HRES with a
monthly and seasonal approach;

4. Detailed and robust analysis of both approaches, and identification of the optimal approach with real-time
data validation.

2. Modelling of a hybrid renewable energy system

Figure 1 shows the schematic diagram of grid-integrated HRES, including the renewable sources like solar,
wind, and biomass. To optimise the design of this HRES integrating solar, wind, biomass, energy storage, and
grid connectivity, precise modelling of both energy generation and load demand is crucial, though challenging
due to the dependency of renewable sources on varying environmental conditions. This section focuses on two
complementary modelling approaches: a deterministic model assesses the performance of various combina-
tions of renewable sources, while a probabilistic model incorporates the time-varying and stochastic behaviour
of renewable energy sources in the design process of HRES.

2.1. Deterministic modelling

For this study, the meteorological data (irradiance, temperature, and wind speed) are collected at Gang-
adevipalli village (latitude-4°34/24.1 E and longitude —78°19'44.9 N), which is nearly 120 km from Kadapa,
Andhra Pradesh, India. Load demand data is recorded at the local substation, revealing a peak load of 100 kW
and an average load of approximately 50 kW. The collected meteorological data (irradiance, temperature, and
wind speed) over four years are averaged to obtain the final set of data for the deterministic approach.

2.1.1. Solar PV system modelling

The output of a solar PV panel depends mainly on atmospheric conditions and geographical locations. The
output power of a particular solar PV panel (P,,), at any time ‘¢’ is a function of solar irradiance and
atmospheric temperature, and it is expressed as follows:

P =Ffpy * Now * gy~ Le®)  VoeD). ff (1)

where, ffis a fill factor, f,,, is derating factor, 1), is mppt factor, Ny, is the number of PV modules and the short
circuit current (I,.) and open circuit voltage (V) are given in equations (2)—(3).

Le(t) = Iy + ki - (Ten (&) — Toae) - (s(8)/551c) (2
‘/oc(t) = ‘/stc + kv ' (’I;ell (t) - ’I;tc) (3)

where k, and k; represent the voltage and current coefficients of the temperature, Ty is the module temperature
at STC, sis the hourly solar radiation incident on the solar PV panel (W m ™ ?), sy is the standard incident
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radiation (1000 W m™2), T.oy is the cell temperature, and Vi, and I are the voltage and current at STC,
respectively.

2.1.2. Wind energy system modelling

Wind turbine power production is a function of time-variant wind velocity, exhibiting stochastic variability
due to changing atmospheric conditions. Therefore, wind turbine output power at any time frame ‘¢’ (hour)
can be given by equation (4).

B, - N, - (u) for v < v(t) < v

Pwt(t) = Vr = 4)
B, - N, for v, < v(t) < Ve
0 else

where N, is number of wind turbines, P, is rated power of the wind turbine (kW), v(¢) represents the wind
velocity (m/s) at time t’, v; is the cut-in velocity (m/s), v, is the cut-out velocity (m/s), and v, is the rated
velocity (m/s).

2.1.3. Biomass gasifier modelling

The biomass gasifier generates electricity through thermochemical conversion of feedstock via oxygen-limited
gasification. The resulting syngas fuels a generator to produce power. For this case study, we analysed a 10 kW
gasifier system operating 12 h daily, primarily during peak demand periods. The total annual biomass energy
(Epo) generated is given in the following equation:

Epio = Ppio xtvio Nvio ©)

where Ny;, is the total number of biomass gasifiers, Py;, is the biomass gasifier output power, and ty,, is
operating hours per year. The maximum gasifier capacity depends on the total available biomass, its calorific
value (CVy,, in kWh/ton), and the biomass gasifier conversion efficiency (1pio)-

C‘/bm * 1 OOO*tOtalagriwaste *lelo
thio 487604365

max __
b bio —

(6)

2.1.4. Battery energy storage system modelling

For this study, lead-acid batteries are considered because of their low capital cost, high cycle efficiency (70%—
85%), and low self-discharge rate (3%—20%). The battery energy storage system (BESS) provides critical peak
shaving capability, delivering a minimum of 30 min of backup power during load peaks. During periods of high
demand or renewable generation shortfalls, the system prioritises battery dispatch to maintain grid stability.
During periods of renewable generation surplus, excess energy is directed to charge the batteries. The state of
charge (SOC) of the battery determines the amount of energy stored in the battery. During charging mode, the
state of charge (SOC) is given by equation (7).

Ibut(t) *At

bat

SOC(t + 1) = SOC(t) + (7)

The actual SOC of the battery is always less than the original SOC because of the self-discharging rate (s4,) of
the battery, and the charge efficiency factor (7). The actual SOC can be expressed in equation (8) as follows:

Tyt (1) . At (1)

SOC(t + 1) = SOC(t) . (1 — sdr) + )
bat
where Atis the time step. The charge efficiency factor is given by the following equation:
a.(SOC(t) — 1)
n.(t) =1 —exp[—] ©)
‘ Lot (1) /1o + b

where the parameters g, b, I are considered as 20.73, 0.55, and 10, respectively, and Cy,, is the battery nominal
capacity (Ah). Atany time ¢, the charging current (I, (#)) during charging mode is given as follows:
(Pyy (t) + B (t) - e + NpioPrio(t) - 1) — (Pi(8)/m;,)
NbSt . Nbse . ‘/bﬂt
(P)*0.5

Nb, = (11)
’ Nbse- Vbat-Ibat,max

Tpar (1) = (10)

where Ny, is the number of series-connected batteries, V. is the battery terminal voltage, 1, and ; are the
efficiencies of the rectifier and inverter, respectively.

4



I0P Publishing Eng. Res. Express7 (2025) 045350 A Parameswarudu et al

20 T T T

I Solar data
Weibull
Gamma

-
(9]
T

Lognormal
Beta

Probability (%)
S

0 0.2 0.4 0.6 0.8 1 1.2
Irradiance (kW/m2)

Figure 2. Curve fitting for the solar irradiance data with various PDFs.

The SOC of the BESS during the discharging process is given by the following equation:
Ibat . At

bat

SOC(t + 1) = SOC(H)*(1 — sdr) — (12)

where I,,; during the discharging mode can be given as follows:

o (£) = (Pi(1)/ ;) — Bpy(£) + Pue(t) . 1, + Niio Poio (8) - 1) (13)
Nbst . Nbse - Voar

Ibat, max(t) = max{0, min[I max,Cbat (¢, (soc max—soc(t)) + (soc(t) — soc min) (1 — ¢))/At]} (14)

where SOC ., 15 1, SOC i, 15 30%, I,0, is 20% of its nominal capacity of the battery (Cy,.), and ¢ is 1 during
charging and 0 during discharging.

2.2.Probabilistic modelling

The probabilistic methodology used in this study models the statistical dependence between solar irradiance,
ambient temperature, wind speed, and load demand. This interdependence is critical to the output
performance of the system. For example, in the Gangadevipalli location, hot, sunny weather creates a positive
correlation, simultaneously increasing solar generation and cooling demand. Consequently, during peak sun
hours, solar energy can meet the high concurrent load, reducing the energy purchased from the grid. Any
demand exceeding our purchase limit is recorded as an unmetload (LPS). This analysis was achieved by
generating correlated data profiles that realistically pair solar output with demand. The considered robust
approach demonstrates that simulating real-world correlations provides a more accurate reliability assessment
than a deterministic method. At any given sample of time, the probability of the random variable that could fall
under a particular range can be determined by using the PDFs. For characterising the variable nature of the
renewable energy sources and load, different PDFs are used to fit the wind data, solar irradiance, and load
demand. The optimal PDF for each dataset was selected through visual interpretation of the distribution fit,
supplemented by quantitative goodness-of-fit metrics, including the coefficient of determination (R*) and the
Kolmogorov-Smirnov (K-S) error.

e RZ*score reflects the correlation between the observed and the cumulative probabilities. With the larger R*
value, the better the fitness of the PDE.

o K-Srepresents the maximum error in cumulative distribution functions. With a lower K-S value indicating a
better fitting of the PDF.

Figures 2 and 3 demonstrate that the Weibull PDF provides a visibly superior fit for both solar irradiance
and wind speed data distributions. This is further supported by the high R* values and low K-S errors reported
in tables 1 and 2, confirming the robustness of the Weibull fit. For load data, the normal PDF better fits the data
distribution, as shown in figure 4 and table 3.

The Weibull distribution is characterized by a dimensionless shape parameter (k), which governs the spread
and form of the distribution, and a scale parameter (c) with units matching the measured variable. The scale
parameter defines the central tendency of the distribution and scales the timeline, effectively stretching or com-
pressing the curve.
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Table 1. R? and K-S parameters for

solar data.

R*value K-Svalue PDF
0.9973 0.0388 Weibull
0.9562 0.00823 Gamma
0.9764 0.0665 GEV
0.92268 0.1036 Lognormal
0.9831 0.0595 Beta

Table 2. R? and K-S parameters for

wind data.

R*value K-Svalue PDF
0.9974 0.0421 Weibull
0.9733 0.0836 Gamma
0.9967 0.0491 GEV
0.9532 0.1061 Lognormal

For the normal distribution, the curve-fitting parameters are i (mean) and o (standard deviation), which
share the same units as the measured dataset. These parameters are used to determine the probability distribu-

tion of the data.
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Table 3. R? and K-S parameters for

load data.

R?value K-Svalue PDF
0.9586 0.1810 Weibull
0.9905 0.1694 Normal
0.9800 0.1978 Gamma
0.9730 0.2001 GEV
0.9856 0.1958 Beta

2.2.1. Solar PV system modelling

For any time frame t, the scale and shape parameters (c') and (k'), respectively, are determined using the
statistical method called maximum likelihood estimation (MLE). The Weibull distribution for the solar
irradiance data can be expressed in equation (15) as follows:

f(st) = (g)*(%)k—l*exp(_(%i))k—l
forcf > 1Lk >0 -

To get the output power from the solar panels, the continuous probability distribution of solar irradiance is
splitinto discrete states for a particular hour ‘#. Finally, using these probabilities and the power output asso-
ciated with each irradiance level (state), the average power generation of the solar panel array for that hour can
be estimated using equation (16)

N
va(t) = Z vast*Ps(Sstt) (16)
st=1
The solar irradiance probability for any particular hour is given by,

£yt
(Sst55t+1)

2 f(s;)ds forst = 1

¢ (5;r+5;r+1)
P S = J 2

3(Ss) ﬁs}r,ﬁrS;) f(St)dS fOT’ st
2

oo
f f(se)ds for st = N;
(She-1t550)/2

2N — 1) 17)

vast = va *fpv *nmppt *ﬁc*lsc (51) 5 Vo (st) (18)
ﬁ: (Voc *Isc)/(‘/;tc *Istc) (19)
The Iscand Voc can be obtained by the equations (20)—(22),
t
I, (St) = Iy + ki*(ﬁ)*(’rcell(ﬂ') - T;tc) (20)
Sstc
Voc (st) = (Tean(st) — Tstc)*(vstc + kv) 21
N
Tcell(St) = Tu + (S_)*(TNoct - TuNoct) (22)
Stc

2.2.2. Wind energy system modelling
For a given time period ‘t’, the wind speed ‘v’ (in m/s) is modelled by the Weibull PDF, given by:

t t\k—1 yt k—1

fvt) = (k_)*(v_) *expi(F) (23)
)\

For any particular time frame ‘¢, the average output power is given by equation (24) as follows:

N,
Pu(t) = Y Pwty x Pv(v} (24)

st=1
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where the average power in each state and the respective probability can be expressed as below;

vh — v
B, * NW*(“—C’) forvg < v < v,
Pwt, = v Y (25)
BN, for v, < v < v
0 else
(Vél+vél+1)/2
f fvt)ds for st =1
0
¢ Vitvis)/2
B (vy) = 1 f ft)yds forst = 2...(N, — 1) (26)
(51 tve)/2
o0
f ft)ds forst = N,
(sg1tve) /2

2.2.3. Load modelling
For load data, Normal PDF better fits the data distribution. So, for any particular time ‘¢, the load demand
(KW) is determined as,

1 _ 2
fix lp o0)P= D) (27)
27{'0’2 27TO—2
U151/ 2
f f (xlw, o%)ds for st = 1
0
(L)
Pyl = ﬁ&ﬂjlﬁ) fuot)dsforst = 2..(N—1) (28)
2
[o¢]
Sty £ Gl o forse = N
2

Equation (28) calculates the probability of a specific state, (P(I%,)). The load demand for that state is found
by multiplying this probability by average load of the state (P;,). Therefore, the total average load demand at
any time tis given by:

N
Pi(t) = Y PL*Pi(ly) (29)

st=0

3. Problem formulation

The draining of conventional power sources, exacerbated by growing electricity demand and declining fossil
fuel reserves, underscores the critical need for alternative energy systems. This study focuses on the design of a
grid-connected HRES to achieve a continuous power supply (low LPSP) at a minimal LCOE. The mathematical
models for these objective functions are defined below:

3.1. Annual life cycle cost (ALCC)

For the grid-integrated design of HRES, the overall cost includes the cost of PV, wind turbine, biomass gasifier,
battery, and the sale and purchase of power from the grid. Reducing the overall cost reduces the LCOE,
therefore the annualised life cycle cost, which can be given as follows:

ALCC= 3. Ci— Cux+ Cy (30)

pv,wind, bat,bio

where the component C, represents the capital, replacement, maintenance, and salvage costs of solar, wind,
biomass, and battery of the HRES, and all the costs are annualised, and the detailed description of the same is
discussed below. Cy is the cost of the energy sold to the grid, and Cg, is the cost of the energy purchased from
the grid.

Cy = C™ 4 CoP — C™%¢ 4 Clouw (1)

Here, x represents the sources: solar PV /wind/biomass/battery.

8
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3.1.1. Annualised capital cost
For computing the annualized capital cost for any of the component, Net-present value (NPV) is used. The
annual capital cost using NPV is given as,

Cl@p — C /NPV (32)

where C¢ is the capital cost of x, and the NPV is given by

NPV = ﬁ*(1 — (ﬂ)n) (33)
1—f 1—1

where f, i, and n are the inflation, interest rate, and total lifetime of the project in years, respectively.

3.1.2. Annualised salvage cost
The salvage value refers to the resale or scrap value of a component after the project is complete. For this study,
the salvage cost (C¥) is considered as 10% of capital cost.

C* = C¥/NPV (34)

3.1.3. Annualised maintenance cost
In the maintenance, running, repair, and other costs are included, which are expressed as follows:

Cim = CI™N, (35)

Where N, is the number of units of a particular component and C;" is the maintenance cost of x.

3.1.4. Annualised replacement

Replacement costs are considered for components whose service life is shorter than the project horizon. For
this study, the battery bank, with a 5-year lifespan, is the only component requiring replacement; the solar,
wind, and biomass assets endure for the project’s entire duration. The annualised replacement cost for every
replacement is as follows:

1 n
CiP = C;P(Lf) /NPV (36)
141

3.1.5. Energy purchased and sold to grid
In this study, as the design of HRES includes the integration of the grid, the cost of sales and purchase of the
power from the grid is also included. The cost of energy purchased is given as follows:

8760
Cop = Cé’*z Py () (37)
=1
The total cost of energy sold to grid is given by,
8760
Cgs = Cg*z Pgs(t) (38)

t=1

Finally, the LCOE from the HRES will be given by equation (39) as follows:

ALCC(E)
yf’

Load served (@)
yr

F, = LCOE = (39)

3.2. Loss of power supply probability (LPSP)
The second objective function of this study is to reduce the LPSP, which addresses the reliability of the designed
HRES model practically. The mathematical formulation of LPSP is given by,

8760(Ptneed _ PtsuppliEd)

F, = LPSp = =1=1 (40)
total load
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and the constrains are

I\[pv_ min S va < va max»
Ny_ min € N < Ny_ max»
N < Noio < NEG™,

<
By (1) < Pgp™ Pos(t) < Pt™ (41)

where Npv_min and Npv_max are the minimum and maximum number of PV panels, Nw_min and Nw_max
are minimum and maximum number of wind turbines, Nyi" and N2 are the minimum and maximum

number of biomass gasifiers,and Py and  Pi/** are the maximum grid purchase and sale capacity.

4. Operational strategy

4.1. Working strategy

As detailed in section 2.6, the variable nature of solar irradiance, wind speed, and load demand is characterised
using Weibull and normal PDFs. This process generates a complete 8760 h annual dataset for each variable. For
modelling purposes, this data is decoded into 24 h profiles for 12 typical days (monthly approach, each day
represents each month) or 4 typical days (seasonal approach, each day represents each season). It is assumed
that the variations within that month or season follow the predicted typical day’s 24 h profile, and hence the
same variations will be repeated throughout that month or season. The power balance equation of combining
the powers from all the sources is given as,

APL(t) = By (t)* 1 + Pou () + Niio™Prio(£)*1,, — PL(E)/ Ny (42)

AP1 represents the resultant power after meeting the load. If AP1 is positive, that represents that the combined
power generated from the HRES is more than that of the load demand. Then the remaining power is used to
charge the battery until the battery is fully charged. If the battery is fully charged and even then, if power is
remaining, then it will be sold to the grid, and as the grid sales and purchase capacities are limited to 18 kW and
10 kW, respectively, to restrict the grid dependency, and if still power remains, it is considered as a dump. The
power sold to the grid is given by

Pgs(t) = (API (t) - Pbat,c,max (t))*njm; (43)

If the power generated from the HRES is not able to meet the load demand, then the energy from the battery
will be used to meet the load. The deficit power can be expressed as AP2.

APZ(l’) = Pwt (t)*nre + va(t) + Nbia*Pbio(t)*nre + Ibut.max*vbat*Nb - PL(t)/nim, (44)

If the AP2 is higher than the available power in the battery, then power will be purchased from the grid. The
equation that represents the grid purchase is given as,

ng(t) = PL(t) - (Pwt(t)*nrg + PpV(t) + NbiU*PbiO(t)*nyg + Pbat_c_max (t)*n,‘m,) (45)

When grid supply capacity is insufficient to meet the demand even after procuring available power, the
resulting deficit is treated as unmet load, contributing to the LPSP.

4.2. Multi-objective function

This study employs two objective functions (lowest LPSP and LCOE), which are combined into a single
function using the conventional weighted sum approach (WSA), as defined in equation (46). This conventional
multi-objective optimisation strategy assigns a weighting factor to each function. Since each objective was
deemed equally critical for this study, equal weights were applied.

m
minimisef (x) = Z(wk*fk(x)) (46)
k=1
where w, = 0.5since > ;" ;(wx) = 1. Andsincef; and f,are in different ranges, f; is normalised as

fi=LCOE/grid cost, which always varies between 01 as grid cost is higher, where f, always varies between 0—1.

4.3. Harmony search algorithm

Harmony search algorithm (HSA) [30, 32] is used to solve the optimisation problem mentioned in equation (46)
because of its simplicity, less control parameters, strong balance of exploration and exploitation, and
adaptability to different problem types. A good understanding of the working of the HSA comes from
understanding its metaphoric origin in the principles of musicianship. During the composition of music, the
composers start randomly with something similar to the required tunes and make adaptations or changes to the
parts that were not required or the worst-case outcomes. The optimisation process begins by initialising the
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Table 4. Component specifications.

Wind turbine Solar PV Battery Biomass gasifier
Direct drive PMSG AC Monocrystalline Lead-acid battery Rated capacity = 10 kW

generator
Rated power =5 kW Rated power of PV panel = Rated capacity =200 Ah

5kW/300 W,

Cutinspeed (Vci) =2.7ms ' Open circuit voltage =45.5 V Rated voltage=12 V Operating for 12 ha day
Cut-out speed (Vco)=25ms™ ' Open circuit current = 8.64 A Minimum SOC = 30%
Rared power wind speed Ty =25°, Gge = 1000 W m 2 Maximum SOC = 100%

(Vr)=11ms™*
Capital cost (Rs) = 5,00,000 Capital cost (Rs) = 3,50,000 Capital cost (Rs)15,000
Maintenance cost (Rs) = 25,000 Maintenance cost (Rs) = 25,000 Maintenance cost (Rs) = 1,000 Capital cost (Rs) = 6,23,000

Replacement cost Maintenance cost
(Rs) = 15,000 (Rs) = 10,000

function with random values within the sample space. During each iteration, the algorithm evaluates the
objective function and updates the worst-performing solutions based on the specified optimisation goal
(minimisation or maximisation). The steps involved in the optimisation are given below.

Step 1: The parameters (HMS, PAR, HMCR) are initialised. HMS represents the harmony memory size,
PAR represents the pitch adjustment rate, and HMCR represents the harmony memory consideration rate.
These parameters are used while updating the solutions.

Step 2: The objective function values for the considered random harmony memory size will be evaluated.

Step 3: The worst harmony (solution) will be identified from the fitness values, and the worst harmony
(solution) will be replaced by a better updated solution.

Step 4: Check for the convergence criteria or for the maximum number of iterations and return the optimal
solution.

5. Simulation results and discussions

This study considers a rural village cluster as a case study. Solar irradiance, ambient temperature, and wind
speed data for the location were obtained from the National Institute of Wind Energy (NIWE). Load demands
of the village on an hourly basis were collected from the local substation. The efficiencies of the converters are
97% for the inverter and 95% for the rectifier. BESS is considered to supply the load for at least 30 min in the
absence of power from renewables; therefore, four batteries are connected in series and 26 parallel paths. The
biomass can be purchased from the locals at a price of Rs 0.30 kg~ ', and a total of 1.5 kg of biomass is required
for producing 1 unit of energy. The grid purchase is limited to 10 kWh at a price of Rs 6 kWh ' and the grid sale
is limited to 18 kWh. The purchase limit from the grid is maintained to be low in order to make the design
mainly depend on power generated from the HRES. The cost specifications for the preferred equipment are
represented in table 4. For modelling the HRES, both the deterministic and probabilistic approaches are used,
each with its own merits. The demerit of the deterministic approach is addressed by the probabilistic approach.
For both approaches, the Harmony Search algorithm, implemented in MATLAB with a population size of 50,
identified the optimal system configuration in approximately 10 seconds per 100-iteration run. The results
from both approaches are presented in the following sections.

5.1. Deterministic approach

To identify the best possible combination of renewable energy sources for HRES, the optimization algorithm
has been executed for different combinations in the deterministic approach. The renewable sources that are
under consideration for modelling are solar PV, wind, and biomass. From these sources, the possible
combinations (scenarios) that are considered for examination are:

1. Solar PV

2. Wind

3. Solar PV and wind

4. Wind and biomass

11
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Figure 5. Loss of power supply for all the combinations.

Table 5. The optimal sizing of the renewable sources for different combinations with HSA.

Scenario Algorithm PV units (Nj,,) Wind units (N,,) Biomass units (Ny;,) LPSP LCOE (Rs.)
1 HSA 209 — — 64% 7.6

2 HSA — 10 — 48.7% 5.99

3 HSA 222 10 — 30% 5.34

4 HSA — 18 3 15% 4.45

5 HSA 497 — 3 24% 5.11

6 HSA 317 15 3 5% 4.42

5. Solar PV and biomass

6. Solar PV, wind, and biomass

The optimal combination is selected based on the effectiveness of the model in achieving the objectives, its
reliability in meeting load demand (quantified by LPSP), and its cost efficiency, determined by calculating the
LCOE from the overall system cost. The results of different combinations employing the HSA algorithm with
the weighted sum of LPSP and ALCC are shown in table 5. The table shows that among all possible renewable
energy combinations for the HRES model, the PV-wind-biomass combination of the hybrid system delivered
the best results in achieving lower costs and higher reliability (with minimal power supply loss). This configura-
tion had an LPSP of 5% and a LCOE of Rs 4.42, significantly lower than the actual cost of Rs 6 per unit.

Notably, the combination of 317 PV units, 15 wind turbines, and 3 biomass units yields the lowest LCOE.
This is because the LCOE is calculated from the net annual cost, which factors in both grid power purchases and
sales. In this optimal scenario (Scenario 6), significantly more energy is sold to the grid than is purchased, and
low-cost biomass is readily available. Conversely, other scenarios require substantial grid power purchases to
meet demand, increasing their total cost and LCOE.

Figure 5 illustrates the daily loss of power supply for all the scenarios. Power loss is highest during the first
and last seven hours of the day due to the absence of solar irradiance, leaving only wind and biomass to meet
demand. During peak sunlight hours (10:00 am to 06:00 pm), solar generation eliminates power loss and pro-
duces a surplus used to charge the battery and sell to the grid. The biomass gasifier operates exclusively during
the morning and evening peak load periods (the first and last six hours), which can be seen in the hourly LPSP
trend. The bar graph demonstrates that power loss is highest across all system configurations during the first
and last six hours of the day. At the 7th hour (06:00-07:00 am), the power loss is consistent for every combina-
tion. This uniformity occurs because solar generation remains unavailable due to alack of irradiance, and the
biomass gasifier, restricted to operating only during the initial and final six hours, is also inactive. Conse-
quently, wind turbines alone must supply power during this interval.

Opverall, the scenario relying exclusively on wind energy exhibits the greatest loss of power supply, peaking
near 80 kW. This deterministic analysis identifies the hybrid combination of PV, wind, and biomass as the
optimal system configuration, converging within 100 iterations (figure 6). It has been observed that the algo-
rithm’s initial guess (i.e., the best solution in the first iteration) often turns out to be reasonably close to the
optimal solution, which is why the convergence appears close to the initial guess. However, it is important to
note that this behavior may vary in another run. It should be noted, however, that this approach does not
account for the inherent variability in renewable resources and load demand—a limitation addressed in the
subsequent probabilistic analysis.
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Figure 6. Convergence characteristics of HSA in (a) Scenario 1, (b) Scenario 2, (¢) Scenario 3, (d) Scenario 4, (¢) Scenario 5, and (f)
Scenario 6.

5.2. Probabilistic approach
Even though the results from the deterministic approach are quite appreciable, the approach may not be
practically adaptable because of its limitations in considering the variable nature of the renewables and load.
While deterministic approaches offer simplicity and ease of implementation, they provide an incomplete
picture of HRES performance due to the neglect of the variable nature of the renewables and load. Probabilistic
methods, on the other hand, offer a more realistic and comprehensive understanding of HRES behaviour,
leading to improved design, operation, and overall system optimisation for effective utilisation of renewable
energy sources. The probabilistic approach is used to characterise the variable nature of the renewable sources
as mentioned in section 2.2.

Asmentioned in section 2.2, the Weibull PDF is used to model the solar irradiance and wind speed; simi-
larly, the Normal PDF is used to model the load demand. The probabilistic approach can be done in two ways,
which are:

i. Seasonal approach

ii. Monthlyapproach

The seasonal approach is the traditional way, and it has 4 typical estimated days for the 4 seasons of the year.
The same estimated typical day parameters (wind speed, solar irradiance, and load) in a particular season are
used for all days in that season. The seasons that are considered in this study are Winter (December, January,
February), Summer (March, April, May, June), Monsoon (July, August, September), and Post-monsoon
(October, November). In the monthly approach, there will be 12 typical estimated days, one for each monthina
year. The same estimated typical day parameters, such as hourly solar irradiance, wind speed, and load, will be
used for all the days in that month. For both monthly and seasonal approaches, the average optimal sizing of the
HRES model is tabulated in table 6 along with the optimal sizing from the deterministic approach.

As shown in table 6, the probabilistic approach yields a more reliable system design, evidenced by a lower
LPSP, than the deterministic method. Multiple simulation runs for both the monthly and seasonal approaches
(tables 7 and 8) indicate that the seasonal strategy produces a superior optimal design, achieving a lower LCOE
and LPSP. However, the practical adaptability of this seasonally-optimised design may be limited, as it relies on
asingle typical day to represent an entire season, potentially overlooking significant intra-seasonal variability.
This could be answered by observing the results (optimal sizes) of exercising these optimal values on actual
collected data, and seeing how close they match with the actual data. Tables 7 and 8 show the 10 optimal sizes of
the designed HRES for the respective approaches (table 7 for the monthly approach and table 8 for the seasonal
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Table 6. Optimal sizes of HRES for different approaches.

PV units Wind units Biomass gasifier units
Approach Algorithm (Npy) (Ny) (Nbio) LPSP (%) LCOE(Rs.)
Deterministic approach. HSA 317 18 3 5 4.42
Probabilistic (Monthly HSA 305 20 3 2.23 4.52
approach)
Probabilistic (Seasonal HSA 264 19 3 2.25 4.45
approach)

Table 7. Optimal sizes of renewable sources for the monthly approach for 10 runs.

S.no Ny N Nbio LPSP (%) UC (Rs) Grid sale (kWh year ") Grid purchase (kWh year ')

pv

1 17 354 3 2.52 4.51 37,568.39 10,340.65
2 18 349 3 2.27 4.52 41,257.30 8,573.47
3 17 356 3 2.49 4.51 37,785.51 10,241.29
4 19 280 3 2.85 4.5 38,345.51 13,200.34
5 19 314 3 2.36 4.51 42,074.91 9,828.74
6 18 350 3 2.25 4.52 41,367.87 8,545.27
7 18 298 3 3.01 4.49 36,102.19 13,056.78
8 18 341 3 2.39 4.51 40,318.58 9,004.79
9 18 365 3 2.05 4.54 42,901.62 7,993.01
10 20 305 3 2.23 4.52 45,664.24 8,547.23

Table 8. Optimal sizes of renewable sources for the seasonal approach for 10 runs.

S.no N, Npv Nbio LPSP (%) UC (Rs) Grid sale (kWh year™") Grid purchase (kWh year ™)

1 19 295 3 1.99 4.47 37,039.27 8,242.29
2 20 282 3 1.87 4.46 42,918.35 8,557.05
3 19 324 3 1.73 4.48 42,457.23 7,387.34
4 19 364 3 1.57 4.54 39,456.30 6,702.78
5 20 282 3 1.87 4.46 42,918.35 8,557.05
6 20 303 3 1.69 4.46 47,091.14 7,888.84
7 20 307 3 1.64 4.47 47,650.65 7,848.45
8 20 308 3 1.68 4.47 47,784.14 7,813.37
9 20 394 3 1.84 4.64 45,398.60 7,914.51
10 19 264 3 2.25 4.45 30,898.28 9,368.94

approach). These optimal sizes are tested on actual data (practical one-year data), and the observations are
tabulated in tables 9 and 10.

In tables 9 and 10, the ABS of LPSP represents the absolute difference between the LPSP obtained when the
same optimal sizes are applied to actual data and with respect to the proposed approach. Similarly, MSE repre-
sents the mean squared error of the absolute error. For the monthly approach, the best optimal sizing for mod-
elling of HRES is 20 wind units, 305 PV units, and 3 biomass units, which gives the LPSP percentage as 2.23 and
UC as Rs 4.52 per kWh. But the same optimal sizing values for the actual yearly data give the LPSP percentage as
3.24 and UC as Rs 4.49 per kWh. Similarly, from the seasonal approach for the best optimal sizing of 264 PV
units, 19 wind units, and 3 biomass units gives the LPSP as 2.25% with UC as Rs 4.45, but the same sizing when
applied on the actual data gives the LPSP as 4.41% with Rs 4.43 per LCOE. It says that for both approaches,
there is a shift in LPSP values if the sizing is used on actual data. The monthly approach (table 9) has less MSE
value compared to the MSE in the seasonal approach (table 10), which suggests that the power generated from
the monthly approach is well inclined towards the actual yearly power production of the sources compared to
the seasonal approach. Therefore, the optimal sizes obtained from the monthly approach are more adaptable
practically.

The daily power generation profiles for selected months, utilizing the optimal system sizing determined by
the monthly approach, are shown in figures 7-9. The trends for

December (figure 7) indicate periods of reduced solar irradiance and moderate wind speeds, leading to
moderate generation levels (solar PV peaking at 62 kW; wind at 40 kW). During hours 5th—10th, the concurrent
unavailability of biomass energy and lower solar generation necessitate purchasing up to 10 kW from the grid,
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Figure 7. Load demand and power generation trends in a day of December month.
Table 9. Results of the use of optimal sizing from monthly approach on actual collected yearly data.
P g y app yearly
Grid sale (Kwh Grid purchase (Kwh ABS of MSE of
S.no N, N, Ny, LPSP(%) UC(Rs) year 1) year 1) LPSP (%) LPSP (%)
1 17 354 3 3.79 4.47 46,914.83 12,722.68 1.27 1.6129
2 18 349 3 3.4 4.49 50,422.82 11,573.75 1.13 1.2769
3 17 356 3 3.76 4.48 47,132.22 12,628.64 1.27 1.6129
4 19 280 3 4.09 4.44 47,904.30 14,367.68 1.24 1.5376
5 19 314 3 3.4 4.47 50,951.88 12,107.39 1.04 1.0816
6 18 350 3 3.39 4.49 50,554.35 11,526.71 1.14 1.2996
7 18 298 3 4.23 4.44 45,605.29 14,612.60 1.22 1.4884
8 18 341 3 3.51 4.48 49,600.74 11,963.90 1.12 1.2544
9 18 365 3 3.19 4.51 52,268.34 10,952.17 1.14 1.2996
10 20 305 3 3.24 4.49 54,115.00 11,297.62 1.01 1.0201
=11.58 =1.3484
Table 10. Results of the use of optimal sizing from the seasonal approach on actual collected yearly data.
Grid sale (kWh Grid purchase (kWh ABS of MSE of
S.no N, N, Ny, LPSP(%) UC(Rs) year ™) year ') LPSP (%) LPSP (%)
1 19 295 3 3.81 4.45 49,198.77 13,297.96 1.82 3.3124
2 20 282 3 3.61 4.47 51,905.32 12,774.20 1.74 3.0276
3 19 324 3 3.33 4.48 51,946.74 11,561.40 1.6 2.56
4 19 364 3 2.8 4.53 56,333.05 9,828.29 1.23 1.5129
5 20 282 3 3.61 4.47 51,905.32 12,774.20 1.74 3.0276
6 20 303 3 3.28 4.49 53,911.23 11,393.39 1.59 2.5281
7 20 307 3 3.21 4.49 54,321.87 11,209.87 1.57 2.4649
8 20 308 3 3.19 4.49 54,425.84 11,162.11 1.51 2.2801
9 20 394 3 2.25 4.61 63,561.81 7,858.00 0.41 0.1681
10 19 264 3 4.41 4.43 46,553.53 15,678.09 2.16 4.6656
=15.37 =2.554

reducing grid sales to nearly zero. The daily operation for August and March, shown in figures 8 and 9, respec-
tively, demonstrate the ability of the system to minimize grid dependency. In August (see figure 8), high wind
speeds lead to significant wind generation, supplemented by moderate solar PV output. This surplus allows the
system to sell power to the grid from the 7th hour onward, eliminating the need for purchases. Conversely,
March (see figure 9) features very high solar irradiance, with PV generation peaking at 80 kW. In both cases, the
HRES effectively meets the load with minimal grid reliance. To maximise the utilisation of renewable energy
and minimise grid dependency, the optimisation process constrained grid power exchange to a purchase limit
of 10 kW and a sales limit of 18 kW. The role of change in the grid sale capacity has a significant effect on the
amount of energy generated from each of the sources. As shown in figure 10, increasing the grid sales capacity
does not affect power generation from the biomass gasifier but results in a higher contribution from the PV and

wind turbine units.
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Figure 8. Load demand and power generation trends in a day of August month.
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Figure 9. Load demand and power generation trends in a day of March month.
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Figure 10. Effect of grid sale capacity on solar and wind power production and UC.

5.3. Comparative assessment

The proposed monthly probabilistic methodology was evaluated against both standard deterministic
techniques [6, 8, 11,21, 25] and a comparative seasonal probabilistic model. The results, tabulated in table 6,
demonstrate superior performance of the proposed approach in achieving a lower Levelized Cost of Energy
(LCOE) and an improved reliability metric (LPSP) compared to deterministic approach. While its overall cost
and reliability results are comparable to the seasonal model, an analysis in section 5.2 (see tables 7, 8, and 9)
confirms that the monthly variations model yields outcomes that align more closely with practical recorded
data. As mentioned in table 11, this work provides a significant advance beyond the referenced studies [6, 8, 11]
by incorporating a diverse mix of renewables, uniquely modelling the stochastic nature of both generation and
load probabilistically, moving beyond the sole use of historical data [6, 8, 11,21, 25] and introducing a
rigorously sized HRES based on the EPRI handbook. Furthermore, it offers a novel economic analysis of grid
interaction, uncovering a previously unreported trade-off whereby increased grid sales capacity reduces LCOE
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Table 11. Comparative assessment.

Parameter [6] [8] [11] [21] [25] Proposed
Renewables considered Solar, Wind Solar, Wind, Diesel Generator Solar, Wind, Diesel Generator Solar, Wind, Fuel cells Solar, Wind, Biomass Solar, Wind, Biomass
Addressed the Stochastic nature of RE? No No No No No Yes

Addressed load variations? No No No No No Yes

Grid integrated? Yes No No Yes Yes Yes

Effect of Grid participation included? No No No No No Yes

Energy Storage included? Yes No Yes Yes Yes Yes

Optimisation Technique used Meta-heuristic optimisation DIRECT algorithm Ant colony optimisation Fuzzylogic-GWO HOMER HSA

Objective functions Cost, LPS Cost, LPS Cost, LPS Cost, Energy management Cost LCOE, LPSP
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but can lead to renewable sources oversizing. The proposed approach was compared against the commercial
HOMER software trial version (see supplementary document). The observed discrepancy is likely due to the
limited optimisation precision of the trial software. However, it shows our method provides a more tailored
and cost-effective sizing methodology.

6. Conclusion

This study proposes an optimal design methodology for a hybrid renewable energy system (HRES) to enhance
reliability while minimising the unit energy cost. The system was designed for a hamlet with a peak load of

100 kW, incorporating solar PV, wind, and biomass energy sources. Simulation results from a deterministic
analysis identified the hybrid combination of solar, wind, and biomass as the most effective configuration,
offering high reliability and low cost. To account for the inherent variability in renewable resources and load,
probabilistic modelling using Probability Density Functions (PDFs) was employed. A Weibull distribution was
used to model solar irradiance and wind speed, while a normal distribution best represented the load profile. The
probabilistic approach improved system reliability, with a monthly variation model outperforming a seasonal
model in terms of alignment with actual recorded annual data. Using the monthly approach, the optimally sized
HRES achieved a Loss of Power Supply Probability (LPSP) 0f2.23% and a LCOE of Rs. 4.52 per kWh, results
which closely match practical annual data. Furthermore, increasing the grid sales capacity from 20 kW to 50 kW
reduced the LCOE, demonstrating the impact of grid exchange policies on overall system economics. This study
could be further extended to a probabilistic framework to optimise HRES design for multi-objectives, such as
minimising emissions and maximising grid independence, while also exploring machine learning techniques for
more accurate forecasting of renewable generation and load.
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