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Abstract
Most power generation relies on fossil fuels, which are both finite resources andmajor 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 tomitigate these concerns.However, the
successfulmodelling, operation, and integration of these sources into the grid systemposes
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 robustmethodology is required to address this design challenge effectively. To
achieve this, development of advancedmodelling techniques is suggested that consider the
probabilistic nature of renewable energy sources and load patterns. This study analyses different
approaches, including the deterministic and probabilisticmethods, and proposes an optimal
approach and design for a hybrid renewable energy system,which ismore reliable with a reduced loss
of power supply probability and produces energywith 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 proposedmethodwith the actual real-time data is carried out, and the effect of
the grid purchase and sale capacities on the LCOEof 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 452.7GW [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 supportingmuch of its population, India generates approximately 228million tons of
agricultural waste annually. This untapped resource has the potential to generate approximately 11.32GWof
power, offering a significant opportunity to enhance renewable energy production [3]. The use of this
agricultural waste for generating electrical powerwould decrease the burden on conventionalmeans.

Renewable energy sources such as solar andwind are intermittent,meaning their generation varies based
onweather conditions and stochastic nature [4]. This unpredictabilitymakes themdependent on external
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factors, leading to inconsistent energy production. Such variability presents challenges for grid stability and 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
powermanagement issues, decreased reliability, and grid instability. To address these challenges, HRES that
combinewith 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 ofHRES is essential to ensure
economic viability,meet power demand, andmaintain grid stability.

Numerous studies over the past few decades have focused on the optimal sizing of standaloneHRES [7–10].
Suhane et al [11] in 2016 have proposedwind, photovoltaic (PV) off-gridHRES 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 standaloneHRESwith
wind, fuel cell, electrolyser, hydrogen tank, and biomass. Various optimisation algorithms have been used to
find the optimal sizing ofHRES and to reduce the power supply cost per unit. In 2023,Menesy et al [13]pre-
sented the optimisation of grid-independentHRESwith 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 tominimise the loss of power supply probability. The results are validatedwith the greywolf
optimiser (GWO) and particle swarmoptimisation (PSO). Yemeli et al [14] in 2024 proposed off-gridHRES
with solar, wind, diesel, and fuel cell for optimal sizing using various evolutionary algorithms. The optimisation
objective is tominimise the cost of energy (COE), subject to the reliability constraint ofmaintaining 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, loadmismatches, 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
systemwith a PV,wind, and battery-based renewable system, considering cost optimisation and reliability, but
not the energy transfer aspects. Kutaiba et al [21]proposed anHRES aimed atminimising its cost using a fuzzy
logic -GWO technique.However, themodelling of the system is not adequately addressed. The objective of
costminimisation and reliabilitymaximisation for a systemdesignedwith PV, battery, and grid integrationwas
addressed in references [22, 23]. However, the variable nature of the energy sources and loadwas not thor-
oughly considered. In 2023, Chinna et al [24] proposed a grid-integratedHRESwith PV,wind, a diesel gen-
erator, and a battery storage system.Using theHOMERwith 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]withHOMER and analyses the effects of CO,CO2 andNO2 onPutrajaya 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 integratedwith solar. Themethod uses the batteries to
support the critical loads, but the dependency on the renewable energy isminimal. To design the renewable
power-generation technologies with consideration of the intermittent and stochastic nature of the sources,
PDFs are required [27, 28]. The PDFswere utilised in [29, 30] to characterise the variable nature of the sources,
load, and power production.However, proper systemmodellingwas overlooked.

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

Designing a reliable grid-integratedHRES requires robustmathematicalmodelling to address the stochas-
tic and intermittent nature of renewable resources.While deterministic simulations using annual data are com-
mon, they can be computationally intensive and fail to explicitlymodel the underlying stochastic nature of
generation. This study introduces a probabilistic framework using ProbabilityDensity Functions (PDFs) to
characterize variability using statistical data, specifically comparing the efficacy ofmonthly versus seasonal
models for optimizing reliability and cost. This provides a streamlined, complementary design tool. Addition-
ally, existing optimalHRES 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-integratedHRES that incorporates a probabilistic framework to reduce
the LevelisedCost of Electricity (LCOE) from annual life cycle costing (ALCC) and LPSP. TheHarmony Search
Algorithm (HSA) is employed to solve the optimisation problem, and the impact of the grid partitioning factor
is analysed.

Themajor contributions of this work are as follows:
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1. Finding the optimal combination of HRES with a deterministic approach, used historically in the literature,
whichminimises both the LCOE and the LPSPusingHSA;

2. Applying various PDFs on the solar, wind, and load profiles to identify a suitable PDF to model the HRES,
considering bothmonthly 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 diagramof grid-integratedHRES, including the renewable sources like solar,
wind, and biomass. To optimise the design of thisHRES integrating solar, wind, biomass, energy storage, and
grid connectivity, precisemodelling 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
complementarymodelling approaches: a deterministicmodel assesses the performance of various combina-
tions of renewable sources, while a probabilisticmodel incorporates the time-varying and stochastic behaviour
of renewable energy sources in the design process ofHRES.

2.1.Deterministicmodelling
For this study, themeteorological data (irradiance, temperature, andwind speed) are collected atGang-
adevipalli village (latitude-4°34′24.1 E and longitude –78°19′44.9N), which is nearly 120 km fromKadapa,
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 collectedmeteorological 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 systemmodelling
The output of a solar PVpanel dependsmainly on atmospheric conditions and geographical locations. The
output power of a particular solar PVpanel (Ppv), at any time ‘t’ is a function of solar irradiance and
atmospheric temperature, and it is expressed as follows:

( ) ( ) ( ) ( )=P t f N I t V t ff. 1pv pv pv mppt sc oc

where, ff is a fill factor, fpv is derating factor, ηmppt ismppt factor,Npv is the number of PVmodules and the short
circuit current (Isc) and open circuit voltage (Voc) are given in equations (2)–(3).

( ) ( ( ) ) ( ( ) ) ( )/= +I t I k T t T s t s 2sc stc i cell stc stc

( ) ( ( ) ) ( )= +V t V k T t T 3oc stc v cell stc

where kv and ki represent the voltage and current coefficients of the temperature,Tstc is themodule temperature
at STC, s is the hourly solar radiation incident on the solar PVpanel (Wm−2), sstc is the standard incident

Figure 1. Schematic diagramofGrid-integratedHybrid renewable energy system.
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radiation (1000Wm−2),Tcell is the cell temperature, andVstc and Istc are the voltage and current at STC,
respectively.

2.1.2.Wind energy systemmodelling
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 ‘t’ (hour)
can be given by equation (4).

( )

( ) ( )

( )
( )=

< <

< <
Pwt t

P N
v t v

v v
for v v t v

P N for v v t v

else0

4
rw w

ci

r ci
ci r

rw w r co

whereNw is number ofwind turbines,Prw is rated power of thewind turbine (kW), v(t) represents thewind
velocity (m/s) at time ‘t’, vci is the cut-in velocity (m/s), vco is the cut-out velocity (m/s), and vr is the rated
velocity (m/s).

2.1.3. Biomass gasifiermodelling
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 systemoperating 12 h daily, primarily during peak demand periods. The total annual biomass energy
(Ebio) generated is given in the following equation:

( )=E P t N 5bio bio bio bio

whereNbio is the total number of biomass gasifiers, Pbio is the biomass gasifier output power, and tbio is
operating hours per year. Themaximumgasifier capacity depends on the total available biomass, its calorific
value (CVbm in kWh/ton), and the biomass gasifier conversion efficiency (ηbio).

( )=P
CV total bio

t

1000

8760 365
6bio

bm agriwaste

bio

max

2.1.4. Battery energy storage systemmodelling
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 aminimumof 30 min of backup power during load peaks. During periods of high
demand or renewable generation shortfalls, the systemprioritises battery dispatch tomaintain 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 chargingmode, the
state of charge (SOC) is given by equation (7).

( ) ( ) ( ) ( )+ = +SOC t SOC t
I t t

C
1 7bat

bat

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

( ) ( ) ( ) ( ) ( ) ( )+ = +SOC t SOC t sdr
I t t t

C
1 . 1

. .
8

bat c

bat

where∆t is the time step. The charge efficiency factor is given by the following equation:

( ) ( ( ) )
( )

( )
/

=
+

t
a SOC t

I t I b
1 exp

. 1
9c

bat 10

where the parameters a, b, I10 are considered as 20.73, 0.55, and 10, respectively, andCbat is the battery nominal
capacity (Ah). At any time t, the charging current (Ibat(t)) during chargingmode is given as follows:

( )
( ( ) ( ) ( ) ) ( ( ) )

( )
/

=
+ +

I t
P t P t N P t P t

Nb Nb V

. .

. .
10bat

pv wt re bio bio re l in

st se bat

( ) ( )=
*

Nb
P

Nb V I

0.5

. .
11st

l

se bat bat ,max

whereNbse is the number of series-connected batteries,Vbat is the battery terminal voltage, ηr and ηi are the
efficiencies of the rectifier and inverter, respectively.
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The SOCof the BESS during the discharging process is given by the following equation:

( ) ( ) ( ) ( )+ = *SOC t SOC t sdr
I t

C
1 1

.
12bat

bat

where Ibat during the dischargingmode can be given as follows:

( )
( ( ) ) ( ( ) ( ) ( ) )

( )
/

=
+ +

I t
P t P t P t N P t

Nb Nb V

. .

. .
13bat

l in pv wt re bio bio re

st se bat

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

where SOCmax is 1, SOCmin is 30%, Imax is 20%of its nominal capacity of the battery (Cbat), and cb is 1 during
charging and 0 during discharging.

2.2. Probabilistic modelling
The probabilisticmethodology used in this studymodels 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 theGangadevipalli location, hot, sunnyweather creates a positive
correlation, simultaneously increasing solar generation and cooling demand. Consequently, during peak sun
hours, solar energy canmeet the high concurrent load, reducing the energy purchased from the grid. Any
demand exceeding our purchase limit is recorded as an unmet load (LPS). This analysis was achieved by
generating correlated data profiles that realistically pair solar outputwith demand. The considered robust
approach demonstrates that simulating real-world correlations provides amore accurate reliability assessment
than a deterministicmethod. At any given sample of time, the probability of the randomvariable 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 thewind 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-fitmetrics, including the coefficient of determination (R2) and the
Kolmogorov-Smirnov (K-S) error.

• R2 score reflects the correlation between the observed and the cumulative probabilities.With the larger R2

value, the better the fitness of the PDF.

• K-S represents themaximumerror in cumulative distribution functions.With a lowerK-S value indicating a
better fitting of the PDF.

Figures 2 and 3 demonstrate that theWeibull PDFprovides a visibly superior fit for both solar irradiance
andwind speed data distributions. This is further supported by the highR2 values and lowK-S errors reported
in tables 1 and 2, confirming the robustness of theWeibull fit. For load data, the normal PDFbetter fits the data
distribution, as shown in figure 4 and table 3.

TheWeibull distribution is characterized by a dimensionless shape parameter (k), which governs the spread
and formof the distribution, and a scale parameter (c)with unitsmatching themeasured variable. The scale
parameter defines the central tendency of the distribution and scales the timeline, effectively stretching or com-
pressing the curve.

Figure 2.Curve fitting for the solar irradiance datawith various PDFs.
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For the normal distribution, the curve-fitting parameters areμ (mean) andσ (standard deviation), which
share the sameunits as themeasured dataset. These parameters are used to determine the probability distribu-
tion of the data.

Figure 3.Curve fitting for thewind speed datawith various PDFs.

Table 1.R2 andK-S parameters for
solar data.

R2 value K-S value PDF

0.9973 0.0388 Weibull

0.9562 0.00823 Gamma

0.9764 0.0665 GEV

0.92268 0.1036 Log normal

0.9831 0.0595 Beta

Table 2.R2 andK-S parameters for
wind data.

R2 value K-S value PDF

0.9974 0.0421 Weibull

0.9733 0.0836 Gamma

0.9967 0.0491 GEV

0.9532 0.1061 Log normal

Figure 4.Curve fitting for load datawith various PDFs.
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2.2.1. Solar PV systemmodelling
For any time frame t, the scale and shape parameters (ct) and (kt), respectively, are determined using the
statisticalmethod calledmaximum likelihood estimation (MLE). TheWeibull distribution for the solar
irradiance data can be expressed in equation (15) as follows:

( )( ) ( ) ( )( )

( )

=

> >

* *f st

forc k

exp

1; 0 15

k

c

s

c

s

c

t t

k 1 k 1t

t

t

t

t

t

To get the output power from the solar panels, the continuous probability distribution of solar irradiance is
split into discrete states for a particular hour ‘t’. Finally, using these probabilities and the power output asso-
ciatedwith each irradiance level (state), the average power generation of the solar panel array for that hour can
be estimated using equation (16)

( ) ( ) ( )=
=

*P t P P S 16pv
st

N

pvst s st
t

1

The solar irradiance probability for any particular hour is given by,

( )

( )

( ) ( )

( )

( )

( )

( )

( )

( )/

=

=

= …

=

+

+

+

+

+

+

P S

f s ds for st

f s ds for st N

f s ds for st N

1

2 1 17s st
t

s s

t

s s

s s

t s

s s
t s

0

2

2

2

2

st
t

st
t

st
t

st
t

st
t

st
t

st
t

st
t

1

1

1

1

( ) ( ) ( )=P N f ff I st V st 18pvst pv pv mppt sc oc

( ) ( ) ( )/=ff V I V I 19oc sc stc stc

The Isc andVoc can be obtained by the equations (20)–(22),

( ) ( ( ) ) ( )= + * *I st I k
s

s
T st T 20sc stc i

st
t

stc
cell stc

( ) ( ( ) ) ( ) ( )= +*V st T st T V k 21oc cell stc stc v

( ) ( ) ( )= + *T st T
s

s
T T 22cell a

stc
Noct aNoct

2.2.2.Wind energy systemmodelling
For a given time period ‘t’, thewind speed ‘v’ (inm/s) ismodelled by theWeibull PDF, given by:

( )( ) ( )= * *f vt
k

c

v

c
exp 23

t

t

t

t

k v
c

1 t

t

k 1

For any particular time frame ‘t’, the average output power is given by equation (24) as follows:

( ) ( ) ( )= ×
=

P t Pwt Pv v 24wt
st

N

st st
t

1

v

Table 3.R2 andK-S parameters for
load data.

R2 value K-S value 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
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where the average power in each state and the respective probability can be expressed as below;

( )=
< <

< <

* *

*
Pwt

P N
v v

v v
for v v v

P N for v v v

else0

25st

rw w
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t
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r ci
ci st

t
r

rw w r st
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/
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t
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t
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1

1

1

1

2.2.3. Loadmodelling
For load data, Normal PDF better fits the data distribution. So, for any particular time ‘t’, the load demand
(KW) is determined as,

( | ) ( ) ( )µ
µ

=f x
x

,
1

2 2
272

2

2

2
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( )
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( )
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1

Equation (28) calculates the probability of a specific state, (Pl(lst
t )). The load demand for that state is found

bymultiplying this probability by average load of the state ( )Plst . Therefore, the total average load demand at
any time t is given by:

( ) ( ) ( )=
=

*P t P P l 29l
st

N

l l st
t

0

l

st

3. Problem formulation

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

3.1. Annual life cycle cost (ALCC)
For the grid-integrated design ofHRES, 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 C C C 30
pv wind bat bio

x gs gp
, , ,

where the componentCx represents the capital, replacement,maintenance, and salvage costs of solar, wind,
biomass, and battery of theHRES, and all the costs are annualised, and the detailed description of the same is
discussed below.Cgs is the cost of the energy sold to the grid, andCgp is the cost of the energy purchased from
the grid.

( )= + +C C C C C 31x x
am

x
arp

x
asg

x
acap

Here, x represents the sources: solar PV/wind/biomass/battery.
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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 usingNPV is given as,

( )/=C C NPV 32x
acap

x
cap

where Cx
cap is the capital cost of x, and theNPV is given by

( )=
+ +

*NPV
f

f

f

i

1

1
1

1

1
33

n

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 ( )Cx

sg is considered as 10%of capital cost.

( )/=C C NPV 34x
asg

x
sg

3.1.3. Annualisedmaintenance cost
In themaintenance, running, repair, and other costs are included,which are expressed as follows:

( )= *C C N 35x
am

x
m

x

WhereNx is the number of units of a particular component and Cx
m is themaintenance 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:

( )/=
+
+

C C
f

i
NPV

1

1
36x

arp
x
rp

n

3.1.5. Energy purchased and sold to grid
In this study, as the design ofHRES 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:

( ) ( )=
=

*C C P t 37gp g
p

t
gp

1

8760

The total cost of energy sold to grid is given by,

( ) ( )=
=

*C C P t 38gs g
p

t
gs

1

8760

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

( )
( ) ( )= =F LCOE

ALCC

Load served
39

Rs

yr

kWh

yr

1

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
HRESmodel practically. Themathematical formulation of LPSP is given by,

( ) ( )= = =F LPSP
P P

total load
40t t

need
t
supplied

2
1

8760
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and the constrains are

( ) ( ) ( )

N N N

N N N

N N N

P t P P t P

_ _ ,

_ _ ,

,

41

pv pv pv

w w w

bio

gp gs gs

min max

min max

bio
min

bio
max

gp
max max

whereNpv_min andNpv_max are theminimumandmaximumnumber of PVpanels,Nw_min andNw_max
areminimumandmaximumnumber of wind turbines, Nbio

min and Nbio
max are theminimumandmaximum

number of biomass gasifiers, and Pgp
max and Pgs

max are themaximumgrid 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
usingWeibull 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 eachmonth) or 4 typical days (seasonal approach, each day represents each season). It is assumed
that the variationswithin thatmonth or season follow the predicted typical day’s 24 h profile, and hence the
same variations will be repeated throughout thatmonth or season. The power balance equation of combining
the powers fromall the sources is given as,

( ) ( ) ( ) ( ) ( ) ( )/= + +* * *P t P t P t N P t P t1 42wt re pv bio bio re L inv

∆P1 represents the resultant power aftermeeting the load. If∆P1 is positive, that represents that the combined
power generated from theHRES ismore 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 kWand
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

( ) ( ( ) ( )) ( )= *P t P t P t1 43gs bat c inv_ _ max

If the power generated from theHRES is not able tomeet the load demand, then the energy from the battery
will be used tomeet the load. The deficit power can be expressed as∆P2.

( ) ( ) ( ) ( ) ( ) ( )/= + + +* * * * *P t P t P t N P t I V N P t2 44wt re pv bio bio re bat bat b L inv.max

If the∆P2 is higher than the available power in the battery, then powerwill be purchased from the grid. The
equation that represents the grid purchase is given as,

( ) ( ) ( ( ) ( ) ( ) ( ) ) ( )= + + +* * * *P t P t P t P t N P t P t 45gp L wt re pv bio bio re bat c inv_ _ max

When grid supply capacity is insufficient tomeet 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 andLCOE), which are combined into a single
function using the conventional weighted sumapproach (WSA), as defined in equation (46). This conventional
multi-objective optimisation strategy assigns aweighting factor to each function. Since each objectivewas
deemed equally critical for this study, equal weights were applied.

( ) ( ( )) ( )=
=

*minimisef x w f x 46
k

m

k k
1

where wk = 0.5 since ( )= wk
m

k1 = 1. And since f1 and f2 are in different ranges, f1 is normalised as
f1=LCOE/grid cost, which always varies between 0–1 as grid cost is higher, where f2 always varies between 0–1.

4.3.Harmony search algorithm
Harmony search algorithm (HSA) [30, 32] is used to solve the optimisationproblemmentioned 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 theworking of theHSA comes from
understanding itsmetaphoric origin in the principles ofmusicianship.During the composition ofmusic, the
composers start randomlywith something similar to the required tunes andmake adaptations or changes to the
parts that were not required or theworst-case outcomes. The optimisation process begins by initialising the
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functionwith randomvalues within the sample space.During each iteration, the algorithm evaluates the
objective function and updates theworst-performing solutions based on the specified optimisation goal
(minimisation ormaximisation). The steps involved in the optimisation are given below.

Step 1: The parameters (HMS, PAR,HMCR) are initialised.HMS represents the harmonymemory size,
PAR represents the pitch adjustment rate, andHMCR represents the harmonymemory consideration rate.
These parameters are usedwhile updating the solutions.

Step 2: The objective function values for the considered randomharmonymemory sizewill be evaluated.
Step 3: Theworst harmony (solution)will be identified from the fitness values, and theworst harmony

(solution)will be replaced by a better updated solution.
Step 4: Check for the convergence criteria or for themaximumnumber 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, andwind
speed data for the locationwere obtained from theNational Institute ofWind Energy (NIWE). Load demands
of the village on anhourly 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−1, and a total of 1.5 kg of biomass is required
for producing 1 unit of energy. The grid purchase is limited to 10 kWhat a price of Rs 6 kWh−1 and the grid sale
is limited to 18 kWh. The purchase limit from the grid ismaintained to be low in order tomake the design
mainly depend on power generated from theHRES. The cost specifications for the preferred equipment are
represented in table 4. Formodelling theHRES, both the deterministic and probabilistic approaches are used,
eachwith its ownmerits. The demerit of the deterministic approach is addressed by the probabilistic approach.
For both approaches, theHarmony Search algorithm, implemented inMATLABwith a population size of 50,
identified the optimal system configuration in approximately 10 seconds per 100-iteration run. The results
fromboth approaches are presented in the following sections.

5.1.Deterministic approach
To identify the best possible combination of renewable energy sources forHRES, the optimization algorithm
has been executed for different combinations in the deterministic approach. The renewable sources that are
under consideration formodelling 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 andwind

4. Wind and biomass

Table 4.Component specifications.

Wind turbine Solar PV Battery Biomass gasifier

Direct drive PMSGAC

generator

Monocrystalline Lead-acid battery Rated capacity= 10 kW

Rated power= 5 kW Rated power of PVpanel=
5 kW/300 Wp

Rated capacity= 200 Ah

Cut in speed (Vci) = 2.7m s−1 Open circuit voltage= 45.5 V Rated voltage= 12 V Operating for 12 h a day

Cut-out speed (Vco) = 25 m s−1 Open circuit current= 8.64A MinimumSOC= 30%

Rared powerwind speed

(Vr) = 11 m s−1

Tstc = 250 , Gstc = 1000 W m−2 MaximumSOC= 100%

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

(Rs) = 15,000

Maintenance cost

(Rs) = 10,000
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5. Solar PV and biomass

6. Solar PV,wind, and biomass

The optimal combination is selected based on the effectiveness of themodel in achieving the objectives, its
reliability inmeeting 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 theHSA algorithmwith
theweighted sumof LPSP andALCCare shown in table 5. The table shows that among all possible renewable
energy combinations for theHRESmodel, the PV-wind-biomass combination of the hybrid systemdelivered
the best results in achieving lower costs and higher reliability (withminimal power supply loss). This configura-
tion had an LPSP of 5%and a LCOEof Rs 4.42, significantly lower than the actual cost of Rs 6 per unit.

Notably, the combination of 317 PVunits, 15wind 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), significantlymore 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 onlywind and biomass tomeet
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
themorning 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 a lack of irradiance, and the
biomass gasifier, restricted to operating only during the initial and final six hours, is also inactive. Conse-
quently, wind turbines alonemust supply power during this interval.

Overall, the scenario relying exclusively onwind 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, convergingwithin 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 behaviormay 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.

Table 5.The optimal sizing of the renewable sources for different combinationswithHSA.

Scenario Algorithm PVunits (Npv) Windunits (Nw) Biomass units (Nbio) 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

Figure 5. Loss of power supply for all the combinations.
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5.2. Probabilistic approach
Even though the results from the deterministic approach are quite appreciable, the approachmay 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 ofHRES performance due to the neglect of the variable nature of the renewables and load. Probabilistic
methods, on the other hand, offer amore realistic and comprehensive understanding ofHRES behaviour,
leading to improved design, operation, and overall systemoptimisation for effective utilisation of renewable
energy sources. The probabilistic approach is used to characterise the variable nature of the renewable sources
asmentioned in section 2.2.

Asmentioned in section 2.2, theWeibull PDF is used tomodel the solar irradiance andwind speed; simi-
larly, theNormal PDF is used tomodel the load demand. The probabilistic approach can be done in twoways,
which are:

i. Seasonal approach

ii. Monthly approach

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 areWinter (December, January,
February), Summer (March, April,May, June),Monsoon (July, August, September), and Post-monsoon
(October, November). In themonthly approach, therewill be 12 typical estimated days, one for eachmonth in a
year. The same estimated typical day parameters, such as hourly solar irradiance, wind speed, and load, will be
used for all the days in thatmonth. For bothmonthly and seasonal approaches, the average optimal sizing of the
HRESmodel is tabulated in table 6 alongwith the optimal sizing from the deterministic approach.

As shown in table 6, the probabilistic approach yields amore reliable systemdesign, evidenced by a lower
LPSP, than the deterministicmethod.Multiple simulation runs for both themonthly and seasonal approaches
(tables 7 and 8) indicate that the seasonal strategy produces a superior optimal design, achieving a lower LCOE
andLPSP.However, the practical adaptability of this seasonally-optimised designmay be limited, as it relies on
a single 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 theymatchwith the actual data. Tables 7 and 8 show the 10 optimal sizes of
the designedHRES for the respective approaches (table 7 for themonthly approach and table 8 for the seasonal

Figure 6.Convergence characteristics ofHSA in (a) Scenario 1, (b) Scenario 2, (c) Scenario 3, (d) Scenario 4, (e) Scenario 5, and (f)
Scenario 6.
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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, theABS of LPSP represents the absolute difference between the LPSP obtainedwhen the
same optimal sizes are applied to actual data andwith respect to the proposed approach. Similarly,MSE repre-
sents themean squared error of the absolute error. For themonthly approach, the best optimal sizing formod-
elling ofHRES is 20wind units, 305 PVunits, and 3 biomass units, which gives the LPSP percentage as 2.23 and
UCasRs 4.52 per kWh. But the same optimal sizing values for the actual yearly data give the LPSP percentage as
3.24 andUCasRs 4.49 per kWh. Similarly, from the seasonal approach for the best optimal sizing of 264 PV
units, 19wind units, and 3 biomass units gives the LPSP as 2.25%withUC as Rs 4.45, but the same sizingwhen
applied on the actual data gives the LPSP as 4.41%withRs 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. Themonthly approach (table 9) has lessMSE
value compared to theMSE in the seasonal approach (table 10), which suggests that the power generated from
themonthly approach is well inclined towards the actual yearly power production of the sources compared to
the seasonal approach. Therefore, the optimal sizes obtained from themonthly approach aremore adaptable
practically.

The daily power generation profiles for selectedmonths, utilizing the optimal system sizing determined by
themonthly approach, are shown in figures 7–9. The trends for

December (figure 7) indicate periods of reduced solar irradiance andmoderate wind speeds, leading to
moderate generation levels (solar PVpeaking 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,

Table 6.Optimal sizes ofHRES for different approaches.

Approach Algorithm

PVunits

(NPV)
Windunits

(Nw)
Biomass gasifier units

(Nbio) LPSP (%) LCOE (Rs.)

Deterministic approach. HSA 317 18 3 5 4.42

Probabilistic (Monthly

approach)
HSA 305 20 3 2.23 4.52

Probabilistic (Seasonal
approach)

HSA 264 19 3 2.25 4.45

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

S. no Nw Npv Nbio LPSP (%) UC (Rs) Grid sale (kWh year−1) Grid purchase (kWh year−1)

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 Nw Npv Nbio LPSP (%) UC (Rs) Grid sale (kWh year−1) Grid purchase (kWh year−1)

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
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reducing grid sales to nearly zero. The daily operation for August andMarch, shown in figures 8 and 9, respec-
tively, demonstrate the ability of the system tominimize grid dependency. InAugust (see figure 8), highwind
speeds lead to significantwind generation, supplemented bymoderate solar PVoutput. 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 effectivelymeets the loadwithminimal grid reliance. Tomaximise the utilisation of renewable energy
andminimise grid dependency, the optimisation process constrained grid power exchange to a purchase limit
of 10 kWand 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.

Table 9.Results of the use of optimal sizing frommonthly approach on actual collected yearly data.

S. no Nw Npv Nbio LPSP (%) UC (Rs)
Grid sale (Kwh

year−1)
Grid purchase (Kwh

year−1)
ABS of

LPSP (%)
MSEof

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.

S. no Nw Npv Nbio LPSP (%) UC (Rs)
Grid sale (kWh

year−1)
Grid purchase (kWh

year−1)
ABSof

LPSP (%)
MSEof

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

Figure 7. Load demand and power generation trends in a day ofDecembermonth.
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5.3. Comparative assessment
The proposedmonthly probabilisticmethodologywas evaluated against both standard deterministic
techniques [6, 8, 11, 21, 25] and a comparative seasonal probabilisticmodel. The results, tabulated in table 6,
demonstrate superior performance of the proposed approach in achieving a lower LevelizedCost of Energy
(LCOE) and an improved reliabilitymetric (LPSP) compared to deterministic approach.While its overall cost
and reliability results are comparable to the seasonalmodel, an analysis in section 5.2 (see tables 7, 8, and 9)
confirms that themonthly variationsmodel yields outcomes that alignmore closelywith practical recorded
data. Asmentioned in table 11, this work provides a significant advance beyond the referenced studies [6, 8, 11]
by incorporating a diversemix of renewables, uniquelymodelling 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 sizedHRES 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

Figure 8. Load demand and power generation trends in a day of Augustmonth.

Figure 9. Load demand and power generation trends in a day ofMarchmonth.

Figure 10.Effect of grid sale capacity on solar andwind power production andUC.
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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,DieselGenerator 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

OptimisationTechnique used Meta-heuristic optimisation DIRECT algorithm Ant colony optimisation Fuzzy logic-GWO HOMER HSA

Objective functions Cost, LPS Cost, LPS Cost, LPS Cost, Energymanagement Cost LCOE, LPSP

17

E
ng.R

es.E
xpress7(2025)045350

A
P
aram

esw
aru

du
etal



but can lead to renewable sources oversizing. The proposed approachwas 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 ourmethod provides amore tailored
and cost-effective sizingmethodology.

6. Conclusion

This studyproposes anoptimal designmethodology for a hybrid renewable energy system (HRES) to enhance
reliabilitywhileminimising the unit energy cost. The systemwas designed for a hamletwith a peak load of
100 kW, incorporating solar PV,wind, andbiomass energy sources. Simulation results fromadeterministic
analysis identified the hybrid combinationof solar, wind, andbiomass as themost effective configuration,
offeringhigh reliability and low cost. To account for the inherent variability in renewable resources and load,
probabilisticmodelling using ProbabilityDensity Functions (PDFs)was employed.AWeibull distributionwas
used tomodel solar irradiance andwind speed,while a normal distribution best represented the load profile. The
probabilistic approach improved system reliability, with amonthly variationmodel outperforming a seasonal
model in termsof alignmentwith actual recorded annual data.Using themonthly approach, the optimally sized
HRES achieved a Loss of Power Supply Probability (LPSP)of 2.23%and aLCOEofRs. 4.52 per kWh, results
which closelymatchpractical annual data. Furthermore, increasing the grid sales capacity from20 kWto 50 kW
reduced the LCOE, demonstrating the impact of grid exchangepolicies on overall systemeconomics. This study
could be further extended to a probabilistic framework to optimiseHRESdesign formulti-objectives, such as
minimising emissions andmaximising grid independence,while also exploringmachine learning techniques for
more accurate forecasting of renewable generation and load.
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