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Abstract: In recent years, Microgrids in integration with Distributed Energy Resources
(DERS) are playing as one of the key models for resolving the current energy problem by
offering sustainable and clean electricity. Selecting the best DER cost and corresponding
energy storage size is essential for the reliable, cost-effective, and efficient operation of the
electric power system. In this paper, the real-time load data of Bengaluru city (Karnataka,
India) for different seasons is taken for optimization of a grid-connected DERs-based
Microgrid system. This paper presents an optimal sizing of the battery, minimum operating
cost and, reduction in battery charging cost to meet the overall load demand. The optimization
and analysis are done using meta-heuristic, Artificial Intelligence (Al), and Ensemble
Learning-based techniques such as Particle Swarm Optimization (PSO), Artificial Neural
Network (ANN), and Random Forest (RF) model for different seasons i.e., winter, spring &
autumn, summer and monsoon considering three different cases. The outcome shows that the
ensemble learning-based Random Forest (RF) model gives maximum savings as compared
to other optimization techniques.

Keywords: Artificial Neural Network (ANN), Battery Energy Management System (BESS),
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1 Introduction
HE energy demand is significantly impacted by the

lack of fossil fuels, and day by day it is getting harder
to supply the expanding energy needs of economies and
populations. The price of energy increases as a result of
the depletion of fossil fuels, which is one of the main
repercussions. Finding and developing alternative energy
sources, such as Renewable Energy Sources (RESS)
including solar, wind, and hydropower, etc., becomes
more crucial [1]-
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[2]. To cut carbon emissions and make the transition to a
more sustainable energy future, it has become more crucial
in recent years to discuss the integration of RESs, like as wind
and solar electricity, into the grid system. The traditional grid
system is being changed into a "smart Microgrid (MG)" to
enable this transformation.

These Microgrid (MG) systems may efficiently integrate
and control these Distributed energy sources (DERS) [3]-[5]
to satisfy local energy needs, ensuring the microgrid system's
dependability, efficacy, and cost-effectiveness. One of the
key challenges of incorporating renewable energy into the
Microgrid (MG) system is the variability of these sources [6]-
[8]. To overcome this difficulty, energy storage systems like
batteries and flywheels can be utilized to store extra energy
produced during periods of shortages and discharge it during
periods of increased demand [9]-[11].

Further, the use of BESS in MG helps to reduce energy
costs, careful planning and management. This includes
selecting the appropriate battery technology and capacity,
installing monitoring and control systems to regulate the
energy flow, and integrating the BESS with the local
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distribution network and other DERs. Also, several studies

and analyses are done for optimal sizing and charging and

discharging of batteries when RESs are also considered in

MG [12]-[15]. Different control algorithms and

optimization techniques have been developed to maximize

earnings, depending on the market regulations and bids for
energy reserves. The suggestion is to combine two or more
renewable energy sources with storage for high levels of
renewable energy penetration. Some cutting-edge

techniques involve setting up distributed storage on a

microgrid while maximizing their placement and size using

various  optimization techniques, strategies, and

collaborative algorithms [16]-[18].

In the last few decades, the literature has offered a range
of metaheuristic optimization strategies for resolving the
sizing and minimizing the cost problem of the MG system.
These kinds of strategies are being studied by researchers
more and more because of how well they can tackle
challenging  optimization issues. However, these
optimization techniques do not guarantee an absolute
optimal solution to a complex problem. Also, the time
required for finding a “near-optimal” solution can be large
in an unlucky case. Thus, the convergence problem and
accuracy and convergence time of each technique's
performance, however, may vary when used for the size
optimization [19]-[21]. The literature has also covered a
variety of scaling methods, including iterative methods
[22]- [23] and software tools like HOMER [24]- [26]. The
usage of traditional procedures based on iterative,
numerical, or analytical methods has significantly decreased
because of their delayed reaction and results [27]-[31].
Recently, due to the advancement in Al tools, machine
learning (ML)-based optimization models have been
implemented in MG for fast convergence and more accurate
results on non-linear data. Numerous studies have examined
the use of such algorithms to address the size problem facing
renewable energy systems [32] - [34]. The process of ML
optimization aims to lower the risk of errors or loss from
these predictions and improve the accuracy of the model.
Machine learning models are often trained on local or
offline datasets which are usually static. ML Optimization
improves the accuracy of predictions and classifications and
minimizes error.

The novelty of this research is that the real-time load data
of Bengaluru City (Karnataka, India) from 15 January 2022
to 31% December 2022 is considered for MG optimization
using the RF model. Also, the constraint of charging
batteries from RES from 12:00 noon to 6:00 noon is taken
into account to meet the load demand. Few studies have
examined and explored grid-connected MG system
optimization using machine learning techniques until now.
Researchers choosing an MG system for their sizing and
scheduling might utilize the assessment presented in this
case study as a useful reference.

In this paper, the main objectives covered include:

(i) The mathematical modeling of grid-connected
microgrids with Distributed Energy Resources
(DERS) has been examined. The effectiveness of the
system is assessed using this MG model. Real-time
meteorological information on wind speed and solar
radiation is also taken into account for accuracy.

(if) The evaluation and determination of optimal battery
sizing, total system cost (TSC) minimization of the

system, reduction in battery charging cost, and
determining the 24-hour load estimation and allocations
of the DERs are estimated while considering the
minimum SOC. The reliability constraint on battery
charging from RES from 12:00 noon to 6:00 noon is
applied to meet the load demand.

(iii) To address the issue of sizing and costs, the
performance of a grid-connected MG system is
examined and compared using the Ensemble Learning
technique-based Random Forest (RF), meta-heuristic
technique based on Particle Swarm Optimization
(PSO), and Artificial Neural Network (ANN) for
different seasons of the year for three different cases.

The rest of the paper is structured as follows: A
description of the mathematical modeling of the MG system
using DERs is given in Section 2. Section 3 presents the
problem formulation, operational strategy, constraints for
cost optimization, and reliability criteria chosen for the
evaluation. The description of the computational technique is
in Section 4. In Section 5, the comparison and analysis of the
outcomes from various methodologies are presented. The

work's conclusion is covered in the final section, Section 6.

2 System Modeling

A grid-connected microgrid with DERs is taken into
consideration with the aim of identifying the best sizing and
scheduling approach for efficient and reliable operation, as
shown in Fig. 1. Battery energy storage systems (BESS) are
used in conjunction with DERs such as RES-like solar PV
systems, wind turbines, fuel cells and micro gas turbines
(MT) [35]-[37]. To enable the effective and successful
operation of the MG system, this part describes the
mathematical modeling of various DERs.

2.1 Distributed Energy Sources (DERS)

Distributed energy resources (DERs) are a broad range
of decentralized small-scale energy technologies that
generate, store, and manage energy locally, rather than
relying solely on centralized power plants and transmission
grids [38]-[41]. The modeling of various DERs is covered
below.

2.1.1 Renewable Energy Sources (RES)

RESs are emerging as major alternatives to traditional
sources due to advancements like increased efficiency,
improved techniques of reducing the uncertainty of energy
supplies, government subsidies, etc. [42]-[44]. The
mathematical modeling of RES like solar photovoltaic is
explained as:

(a) Solar PV System

The solar panel instantaneously transforms solar energy
from the sun into usable electrical energy. A PV cell is used
to convert solar energy into electrical energy, similar to a
diode with a p-n junction. Figure 2 depicts a possible
equivalent circuit for a photovoltaic cell. Equation 1 shows
the connection between the voltage at the output terminal and
the electrical current flowing across the cells [45]-[47].
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Fig. 2 Equivalent circuit of PV array.

The average voltage and current for several PV array
module connections are given by:

| =n_l I Vo TR 1
e = Mol =ML &XP[ =5 077 71— )

" Vo TR
’ R

where npis the quantity of parallel connected cells in

modules, and n, is the quantity of series connected cells

within each module. The following equation combines all
significant factors that affect PV production, including
temperature and solar irradiation. The power production of a
solar PV cell is estimated using real-time weather data for a
24-hour period for Bengaluru, Karnataka, India as;

T +S(t)x

_ nom S(t) ; (4)

PuO=R0xg~ |1 (T 5] 1

STC 800

To NOC :Ta + To NOC _Ta NOC) &

' ' ' SSTC (t) (5)
= (1 _ %
0.9

PPV (t) :VPV (t) * IPV,avg (t) (6)
where |, ® is the PV module's output voltage. To evaluate
the PV performance under the various operational situations,
five criteriabasedon &, g, 5, RS and FMPPT that describe

the non-linear impact of the environmental variables are also
taken into consideration [48]-[49]. The output power
estimated will be given as:

VO —In V° +0.72 (7)
nkT /q nkT /q R,
Pmodule (t) = V *1- YT

1+——2
nkT /q
S()

% | ) * Voco *(To)y
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where ¢ is the dimensionless coefficient associated with
the particular PV module technology, Yzi is the factor

producing all of the nonlinear effects, and 5 is the factor on

which the photocurrent depends. PV modules must be linked
in both series and parallel, depending on the voltage and
current demands of the system. The power generated from
the PV system can be obtained from:

P,(t)=n *n *P

module (t) * F * F

MPPT other

(@)
(b) Wind Turbine System (WT)
The wind turbine system in a microgrid typically

consists of one or more wind turbines that are connected to
a power control system [50]. The swept blade area HA, air
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density factor ¢a, wind speed U, and coefficient of power

é‘P , all affect the ability of wind turbines to produce electric

power. The ratio can be used to express the turbine's

efficiency A (4 = ro, / v ) where o, is the speed angle

of the shaftand I is the radius of the blades [51]- [52] as:
—O.ZSSﬂ

ro
—1( 2 —0.022a—2je "o

P(la) 2

where J, is a blade design parameter. The wind

turbine's power output is estimated as follows:
1
P,.(t)= > Opup8.0,0°(1) (10)

This power, however, is limited to a particular range of
wind speeds [53]-[54]. The correlation between the wind
speed at the intended hub height is described by the

following equation since wind speed changes with height:
Ayt

0, (1) =v, (B)] 2 (1)

ref

where . (t) represents the wind speed at height Oy

v, (t) represents the wind speed at the reference height v,

, and a,. represents the coefficient of friction. For low

surface roughness anda well-exposed site, the friction
coefficient ¢, is 1/7 [55]-[56]. Two regions make up the
wind turbine's operational area: The operation area of the
wind turbine can be divided into two regions:

i) In the case of a full load, over the rated wind speed
Urated :

i)  Wind speed below optimum (partial load). When the
load is less than the rated power P’ (t) [571-[58], the
turbine operates with a variable rotor speed and a
fixed blade pitch angle. On the other hand, the wind
turbine's activity is halted at wind speeds below O

and a maximum Oy The magnitude of the rated
wind speed . and the cutoff wind speed O

should be equal. The relationship between a wind
turbine's power production and wind speed can be
expressed as:

0 if v<v,,
1 ) (12)
PWT (t) — E5P(}.,/j)¢a9AU (t) Ucutin S v S Uraled
PWr(t) If Urated S % S Ucutoﬂ
0 if v>v,,
2.1.2  Fuel Cell (FC)

An electrochemical device known as a Fuel Cell (FC)
transforms chemical energy into electrical energy while also
producing heat and water as waste products [59]-[60]. The
modeling of FC includes the total power of the fuel cell stack

is P as well as average voltage of each cell in the stack is

Vi for Nno of cells. If y_is not mentioned, it can be
assumed in the range 0.6 and 0.7 V, as most fuel cells

function in this region. If the efficiency is given, then \/__
can be calculated using Equation 4. If no figures are
provided, then using V.. = 0.65 V will give a good

approximation and result. If the fuel cell is pressurized, the
estimate should be slightly higher [61]-[62]. The power will
be computed as follows if the voltage of each cell in the

stack is V. shown in Equation 13:

VFC,avg (t) :Uo - Uac - Uohm - Ucon (13)
R0
© R (14)

"
PFC (t) =VFC,avg (t) X IFC (t) xn
P_(t
So, I (t) AONS
VFC,avg (t) X n
when there is no current flowing, referred to as the "open-
circuit" voltage. The cell produces a reversible voltage, v,

as shown in [63]-[64]:
P, (1) =0,1 (1)

AG (15)
and o, =

n F

2.1.3  Micro Gas Turbine (MT)

A micro gas turbine (MGT) is a small-scale power
generation system that uses combustion to produce
electricity. It is a promising technology for Microgrid
applications, as it offers several advantages over other
conventional power generation methods such as internal
combustion engines or gas turbines. MGTs can be used in
various kinds of Microgrid applications, including settings
for homes, businesses, and industries [65]-[67].

The compressor, combustor, turbine, and electric
generator are the various components of a small gas turbine.
Similar to diesel generators, microturbines are subject to
minimum and maximum power rating constraints. A small,
high-speed gas turbine called the MT typically produces
power between 20 kW and 500 kW. The two primary types
of MTs are single-shaft and split-shaft, with the former
having the generator and turbine on the same shaft.

2.1.4  Battery Energy Storage System (BESS)

In a Microgrid system, BESS can provide a regulating
reserve, a kind of auxiliary service, to decrease frequency
deviations brought on by rapid changes in renewable energy
by altering active power for frequency control [68]-[70]. The
design of the battery, backup time, lifespan of the battery,
battery temperature, depth of discharge, necessary reserve
power, and renewable energy sources are some of the factors
that affect the ESS rating. The maximum capacity of the
battery system is often calculated using the state of charge
(SOC) using:

SOC(t)  t R @M)r
SOC(t —1) T-1 19

batt dt (16)

BUS

SOC(t) : State of charge at time ‘t".
SOC(t-1): State of charge at time ‘(t-1)’.
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A positive value for P, (t) indicates that the battery is

charging and a negative value indicates that it is draining.
The battery's round-trip efficiency in this particular case is
determined as follows:

nBatt = V n;attnsatt (17)

The total capacity of the battery estimated considering
the SOC is:

,(AR) = "=y, (AR) s

S

Battery

where WE(Ah) is the battery capacity of a single battery, the
number of total batteries is n and n° is the
Battery Battery

batteries connected in series. There is a minimum discharge
limit known as g  that the battery bank cannot go

over. The formula, which can be used to compute the
batteries connected in series is,
s _ Ugs (19)

Battery -
UBatte ry

where is a single battery's voltage Ogaery * Now, the battery

power can be calculated as:

max __ nBatteryUBattery I max (20)

° 1000
where |max is the maximum charging current of the battery in

amperes. The combined power generated by the WTs and
PVs at hour t is estimated as follows:
R =P, ©)+R, () (21)
It is possible that the total power produced won't be
sufficient to supply all of the electricity required. In such a
system, the battery's SOC is calculated using the equation
shown below. When the load during the charging process
exceeds the combined output of the WT and PV units, the
useful battery capacity at time t is determined by:

R,(t) 22
SOC(t) = SOC(t-1) *(1—%){@; (t)—;]rm (22)
since the maximum energy held in the storage system cannot
be greater than the maximum state of charge goc . The

following constraint must be adhered to during
optimization:
SOC., (t)<SOC(t)<SOC _ (t) (23)

when the load exceeds the generation, the battery starts
discharged (more energy can be supplied from the battery)
[71]-[72]. Therefore, it is possible to calculate the battery
capacity that is accessible at hour t by:

(24)

SOC(t) = soca—1>*(1—ose.f)+[P;“)—@At)]/rm
The following constraint is in effect while discharging
SOC(t) > SOC,, (t) (25)
The charging or discharging situation is the only mode
that BESS can operate in simultaneously. The charging of
batteries in this research is considered from RES only from
12:00 PM to 6:00 PM during off-peak hours. The battery's
capacity to charge and discharge is determined as follows:

Charging Mode:

PWT (t) + PFC (t) + PMT (t)
+R.O+F, )

r

Conv

E.(t)= -P,(t) (26)

*At=I", fort =12 tol8hours
SOC(t)=SOC(t-1)(1-o)+E, (t) ,charge fromgrid

Discharging Mode

PO +R, (1) +P.(t)

E,.()=| P,(t)-— P O+ 7, (O

1—‘Conv
*At*T (27)
SOC(t)=SOC(t-1)(1-o)-E_, (1)

r p
SOC(1)=SOC(t-1)+ At| ~ore —_Eo | (28)

Em rdch PBd,:h
2.1.5 Modeling of Thermal Unit

The startup cost and operating cost are the two
components of the thermal power generator. A quadratic
function of the power is frequently used to express an
operation's cost:

F(P®)=2((aP:®+bP,®+c)) (9

=1

SUC(t)=SUC, (u, () —u, (t—1))

2.1.6 Power Converter

A power converter is necessary if a system has both AC
and DC components. The output from solar PV and batteries
is DC even though the load is believed to be AC. The peak

power demand PP (t) determines the converter's size. The
calculation for the inverter rating Pinv (t) is represented in
equation 31 [90].
AQ)
P (t)=-°
mv( ) F

inv

(30)

3 RANDOM FOREST TECHNIQUE

The Random Forest technique is a powerful and
widely used machine learning algorithm that belongs to the
ensemble learning family. It is particularly effective in both
classification and regression tasks and has gained popularity
due to its ability to provide accurate predictions and handle
complex datasets. Random Forest is based on the concept of
decision trees, which are tree-like models that make
predictions by partitioning the input space into regions and
assigning a class or value to each region. However, decision
trees tend to suffer from overfitting, which means they can
become overly complex and have poor generalization
performance [73]-[74]. To overcome this limitation,
Random Forest combines the predictions of multiple
decision trees to make more robust and accurate predictions.

Instead of relying on a single decision tree, it creates
an ensemble of decision trees, where each tree is trained on
a different subset of the training data and features. The key
idea behind Random Forest is that by introducing
randomness in the learning process, the ensemble of trees
can collectively reduce overfitting and improve
generalization performance. Randomness is introduced in
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two ways: random sampling of the training data and random
feature selection. During the training process, each tree is
trained on a bootstrap sample of the original training data,
which means that some instances may be repeated and
others may be left out. This sampling technique is known as
bagging. Furthermore, at each node of a decision tree,
Random Forest only considers a random subset of features
for splitting, rather than using all available features. This
feature subsampling is known as the random subspace
method or feature bagging. By doing so, Random Forest
decorrelates the decision trees, reducing their tendency to
make similar predictions and increasing the diversity within
the ensemble [75]-[77]. To make predictions, Random
Forest aggregates the predictions of all the individual trees.
In classification tasks, it uses majority voting, where the
class with the most votes among the trees is selected as the
final prediction. In regression tasks, it takes the average or
the median of the predicted values from all the trees.

The mean squared residual at the node is a common
splitting criterion in the context of regression if the response

values at the node are Y,,Y,....Y,.

13 -

Q==>(yi —¥)* (31)
N

where N,is the number of elements at the node and

— 1

y:*Zyi (32)
Nz

is the estimated value of each node object. A common
splitting criterion 1, ..K in the context of classification,
where K classes are denoted, is the Gini index.

K
Q= Z pK pK' (33)
K=K’

where [5K is the proportion of observations of class k in

the node. The splitting criteria provide a measurement of a
node's "goodness of fit" (in regression) or "purity” (in
classification), with large values signifying a node that is
neither pure nor well-fitted. Two descendant nodes are
produced by a candidate split, one on the left and one on the
right. The split is chosen to reduce: As indicated by the
splitting criterion for the two potential descendants asg, and

Q. » and the corresponding size of the sample asN and
Ng,
Qsplit = nLQL + nRQR' (34)

Finding the appropriate split for a continuous predictor
variable requires sorting the predictor's values and taking
into account splits between each unique pair of successive
values. The interval's midpoint is typically used, but any
value within the range will do. For a predictor variable, the

values of, g ,qQ, and consequently Q. are computed for

all potential combinations of selecting a subset of categories
to proceed to each descendant node [78]. The Random
Forest Decision Tree Regression uses a real-time data set of
six months from Bengaluru, Karnataka, India as shown in
Fig. 3. The following procedure is used for creating the
Random Forest model.

Procedure for Random Forest Model

Initial Stage

Step 1: The dataset variables are divided into training data and testing data.
Step 2: the Training dataset T1, T2....Tn is divided into N size Bootstrap samples S, Sz, ....Sn.
(Randomly select a bootstrap sample from the original training data. This means randomly selecting instances with replacements, allowing

some instances to appear multiple times and others to be left out).

Construction Stage

Step 3: Initialize the number of trees in the forest and other hyperparameters such as the number of decision trees D1, Ds.... Dn., no. of

node size, etc.

Here, Number of Trees =100
Number of variables in each split=3
Minimum Node size = 4

(a. Build a decision tree using the selected bootstrap sample and features. The tree is constructed by recursively splitting the data based
on feature thresholds that maximize the information gain or other impurity measures.
b. Continue splitting until a stopping criterion is met, such as reaching the maximum depth or minimum number of instances in a leaf

node).

Final Outcome

Step 4: Once all trees are built, the Random Forest model is used for output.
a. For classification tasks: Each tree in the forest predicts the class label of a given instance. The final predicted class is determined by

majority voting among all the trees.

b. For regression tasks: Each tree predicts a continuous value for a given instance. The final predicted value is typically the average or

the median of all the tree predictions.

~ N A~
f(x) = %Zci (x) for regression (35)
i=1

The Random Forest algorithm also allows for additional functionalities, such as measuring feature importance. Feature importance can be
calculated based on how much each feature contributes to reducing the impurity or error in the decision trees.
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4 Formulation of Problem
4.1 Objective Function

The main objective of this research is to investigate
and evaluate (i) the MG system's Total System Cost (TSC).
(ii) to achieve the optimum battery size (iii) to lower the cost
of battery charging. The proposed challenge is presented as
a multi-objective optimization problem. The objective
function is comprised of the costs of the following items: (i)
the cost of the solar PV system, WT, FC, MT, and BESS;
(ii) the cost of operation and maintenance; (iii) the cost of
generation; and (iv) the cost of buying and reselling power
from/to the grid. This section exemplifies the objective
function and its associated constraints.

w[Co+ Gt - (36)
MinTSC(X)=Y|TC, +TC,  |+3(C,~Cy,)
. +Ct3 + C‘BESS + C:)M -

The operational costs for the solar panel array and the
wind turbine are computed as

~PV
C}v = WTPPV (t) (37)
Cin =37 R, (1)
Microturbine (MT) running costs also include their
startup costs (SUC) is given as

C
C:\AT — ng PMT (t)

0 er ()
Suc,, = Start, *max(0,u,. —U, )
T C-II\-/IT = c:tMT + SUCMT,I
Fuel Cell (FC) and Micro Turbine (MT) running costs
are computed as:
C
C. { : jz )
0 )7 (1)
SUC,, = Start_ *max(0,u.., —Uu. )
T CtFC = Cth+ SU(:FC,l

(38)

(39)

Start-up and running expenses are the two elements of
the thermal power generator. A quadratic function of the
power is frequently used to express an operation's cost is
expressed as:

2
c—c ¥ (aP:(®)+bP, (t)+c)
G f
Z| +suc, (u, (®) -u, (t-1))
The constant repair and maintenance costs of
dispatchable and non-dispatchable units are:
t t t t t t
C, =OM, +OM_ +OM_, +OM  +OM;  (41)
The operational costs of the BESS and utility, the fuel
and OM costs of DERSs, the start-up costs of MT and FC, as
well as the daily cumulative cost of batteries, make up the
total charges for the MG. The price of batteries includes both
the initial, fixed cost (FC) and continual maintenance and
repair (MC) costs.
The cost of installed batteries may be calculated using the
formula below.

C IR(1+IR)"
CtB = — ( LT ) FCBt + MCBt (42)
365 (1+IR) -1 ‘ ’
The following equations represent the functions of
power purchase cost and power selling revenue:

40)

CtBuy = CBuy (t) I:)Buy,tAlt (43)
Clsell = CSell (t) F)Sell,tAt

4.2  Formulation of Constraints

Grid Constraints: The supply of the main grid must be
provided within the given limits.

P,.O<P <P, ()t=1..24 @
Dispatchable DGs constraints: It regulates the various
DGs' maximum power output limits; they must provide
power within those limits.

Prmn <P (t)<P, (), t=1.24 (45)

P...O<P . (t)<P__ (1) ,t=1.24

Power exchange constraints: Operation constraints for
power exchange between the microgrid and the main grid.

The limits of power purchasing from/selling to the main grid
are-

0<P, (1) < P (b, (t)
0< PSe” (t) < Psa (t)USe" (t)
Operating Reserve (OR) Constraints: In MG systems,
reliability is achieved by acquiring the energy storage, e.g.
BESS and operating reserve. In each time step, operating
reserve (OR) is the addition of stand-by generation capacity

of turned-on BESS, FC, MT, and Grid. It can be supplied to
the MG in less than 10 minutes and defined by

P.M)+P, (t)+P.(t)+ P, (t)
+P, () +P,(t) =P, () +R .. 1) @D
wheret=1,.....24

BESS Constraints: It provides the maximum and
minimum charging and discharging rate of BESS

Discharging mode
AtP(t
\( )] c

(46)

C,..=max4| C, -

B,t+1 7B, min

dch

PP <PM) <P (1), t=1....24

Charging Mode
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During peak hours from 12 P.M. to 6 P.M. Battery will get deCh (t) < P, (t) < pBCh (), t=12...... 18 (50)

charged from RESs to minimize cost The battery State of charge (SOC) constraints.

C,, =min{(C,,—AtR,M®)T,,).C, ..}, (49)  SOC,, (t) <SOC(t) < SOC,, (t)
t=1....... 11&t =19....24 off peak hours where

C...=min {(CB.‘ —~AtP,()T,).C, .. } , ~ T P(t) P*(t)
t=12........ 18 charge from RESs SOC(M) =Soct-h+at E TI,E 1)

The battery constraints must be

C Start

Input Real time load data of Bengaluru city,
Karnataka, India
(Wind speed, solar irradiation, Temperature,
Load)

Model PV system, WT,FC, MT and BESS

Fort=1:24

Calculate B, (t) P, (t)
and check P,

Calculate the total power generation

P-O+R, O=*, —R®

.
— 0 T

v
‘ Draw power from

SOC(t) > SOC,,. (t)

SOC(t) = SOC,,, (1) _ SOC(t)>SCOC, )
\/7 B
YES

Battery is YES

charged

|
: |
| FC and MT |
|
: Calculate FC and MT power |
| Battery is charging from RES and P.O+R,O=RO-R.O-R O/T,| |
| Calculate SOC i |
[P (t) = (‘}v ®)*T,, + PR, 1) P, () Battery is charged from FC and MT :
1| E,, (t) = B,"(t) =1hr (iterationtime) P () =P, () + P, (t) for (t —D)iteration |
|
| v i :
: | Check battery SOC]| | Check battery SOC | |
| |
T~ — T~ |
: " If T~ NO |Charge battery till | NO L :
| |
| |
| |
| |

‘ Draw power from battery ‘

v

Fulfill Load Demand from Battery
PRO=RMO-[R, M/, +R,®]

Fulfill Load
demand fromgrid

—

Calculate excess power
Pe=RO-R,O+R,O=*I, +RO

Send excess power to the
main Grid

C End

Fig. 4 Operational strategy and battery charging process of grid-connected MG system with DERs.
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4.3 Formulation of Operational Strategy

The hybrid energy system must have effective power
management to guarantee system dependability. This system
changes to running FC and MT, which are put on the lowest
priority list when solar, wind, and batteries are not enough
to match the load demand. In order to fulfill the above
criteria, the steps of an operational strategy are as follows:

Operational Strategy 1:

A. At first, if the combined production of solar PV panels
and wind turbines is sufficient and load demand is low,
then, renewable energy sources can meet demand on their
own and charge the batteries from 12:00 PM to 6:00 PM
during off-peak hours.

P () =(P,®)*,, +R, (1) -PR(1) 2
E_ (t) = P (t) *1hr (iterationtime)

B. The battery SOC is checked and power demand is

fulfilled from batteries and RES.

P,(t) = [PPv ©/r, +PR, (t)] — P, (1) (53)
where PD (t) is the total load demand and Finv represents the

efficiency of the DC/AC converter. The generation of total
power by solar PV panels P (t)is estimated as:

PPV (t) = I:)Pv,single (t)an (54)
If the power generated by a single solar PV panel is

P,, 4. (t)and there are n_solar PV panels overall,

Additionally, the generation by wind turbines PWT(t) is
expressed as:

I:)WT (t) = I:)WT,:;ingIe (t)n\NT (55)

where PWT - (t) is the power generated by a single wind

turbine and Nr is the number of wind turbines.

Operational Strategy 2: If the amount of generating power

produced by the wind turbines and solar PV panels is

insufficient, the load demand is fulfilled from FC and MT
and batteries are also charged from it. There are two
applications for FC and MT, which are covered here.

A. First of all, when it is in operation, it only produces the
electricity needed to fulfill the primary load demand.
Calculations of the power produced by the FC and MT
are as follows:

P.)+R,(O=RO-R,O-R, O/, (56)

B. The batteries are also charged from FC and MT after
fulfilling the load demand to minimize charging costs.

P"(t)=P.(t)+ P, (t) for (t—1)iteration (57)

Operational Strategy 3: When solar and wind energy are
insufficient and batteries are unable to produce enough
power to meet the load demand, fuel cells and micro gas
turbines (MT) are used to supply electricity to the load.
Secondly, if the load demand exceeds during peak hours and
power generation from FC and MT is insufficient then

excess power demand is fulfilled from the main grid and
batteries are it runs at a minimal load ratio or rated capacity.

Operational Strategy 4: If the amount of energy P, (t)in

either of the aforementioned circumstances exceeds the
maximum permissible capacity P™ (t) of the battery bank,

The excess power is calculated as:

P..=P,®)—(P,(t)+P, ()= )+P () (8

This excess power can be used for charging EVs or provided
to charge the BESS during off peak hours.

Figure 4 illustrates a simplified flow chart of the proposed
MG system's operating strategy and battery charging
process. In this system, the FC and MT are given the lowest
priority. They will only turn on when solar, wind, or batteries
are unable to deliver the power to the load demand.

5 Result Analysis and Discussion

This section provides an overview of the outcomes
obtained from the application of RF, PSO, and ANN
approaches to the proposed grid-connected Micro Grid
(MG) system shown in Fig. 1. Using the aforementioned
methodologies, the optimum battery, reduction in battery
charging cost and Total cost of power generation is
estimated for real-time load data of Bengaluru city
(Karnataka, India) [79]-[80] for various seasons. For the
proposed MG system, a population size of 25 for 100
iterations is used as a comparison for different techniques in
order to confirm the results. At 0.98 lagging power factor in
the current work, all DGs produce active power. Batteries
are charged and discharged at an equal and constant rate of
80%. The constraints of charging the battery from RESs
from 12 noon to 6 noon are also adhered to for the MG
system. The various configurations of MG with DERs taken
into consideration for analysis include:

e Case-l: MG system with RESs (solar PV, WT) and
Battery

e Case-ll: MG system with FC, MT, and Battery

e  Case-lll: MG system with DERs (solar PV, WT, FC,
MT, and Battery)

5.1.1 Case-l: MG system with RESs (solar PV, WT) and
Battery

In Case 1, the total power generation from RESs and
battery is optimized to meet the electrical load demand using
RF, PSO, and ANN. As seen in Fig. 6(a), during the winter,
RF power generation is at its best between the hours of 2 and
6 pm, exceeding load demand, whereas ANN power output
is at its lowest between the hours of 6 and 8 am and 11 am
and 3 pm. The overall power generation in the RF and ANN
scenarios varies during the spring due to climate change, as
illustrated in Fig. 6(b). Due to the hot and humid weather,
there is a greater need for electricity during the summer. As
a result, it becomes difficult for RF, PSO, and ANN to offer
optimal generation to meet load demand, as shown in Fig.
6(c). The monsoon season's humid and rainy weather affects
both the ideal generation and load demand, as can be shown
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in Fig. 6(d).

The battery charging and discharging states are also
evaluated and shown in Fig. 7(a)-(d) for various seasons for
RF, PSO, and ANN approaches. The battery state shows that

12000 — T T T T T T T . . T
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Total Genenaion (PSO)
- Toul Genentaion (ANN)
z 11000 Toul Genertaion (RF)
2 \ =
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load demand is not fulfilled because of the intermittent
nature of RES. Therefore, CASE Il and CASE IlI are also
analyzed to determine the performance of the Grid-
Connected MG system.

4
SRy
= Electrical Power Load
T ~———TOTALGENERATION (PSO) /\
L
£ 12 H~ TOTALGENERATION (ANN)
£ E4 TOTAL GENERATION (RF) - bf::‘g:;‘:‘:tﬁn
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-
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Fig. 6 Optimal total electrical power generation to meet electrical load demand for CASE 1 using RF, PSO and ANN for (a) Winter
Season (b) Spring and Autumn Season (c) Summer Season (d) Monsoon Season.
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5.1.2 Case-11: MG system with FC, MT, and Battery

Battery Charging/Lischarging

2 4 6 8 10 12 14 16 18 20 22 24
Time (Hour)

(d) Summer Season

Fig. 7 Optimal battery charging and discharging state for RF, PSO, and ANN for CASE I .

In Case I, the study is carried out to determine the
optimum cost, schedule, and sizing for the MG system with
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FC and MT with batteries for various seasons. Since there is
less load consumption during the winter, the optimal period
to generate maximum power is between noon and 2 pm in
the case of RF but in the case of ANN, there is a variation in
the generation of power between 11 am and 3 pm, as
illustrated in Fig. 8(a). As shown in Fig. 8(b), there is a
variation and fluctuation in generation during the spring
season in the case of ANN. In the summer, PSO and ANN
produce the least amount of energy from 5 to 7 p.m., while
ANN and RF produce the maximum energy from 10 to 12
p.m. Due to changes in load demand during monsoon
season, ANN and RF's optimal generation also changed,
whereas PSO provides consistent generation.

The optimal battery charging and discharging condition
analysis is depicted in Fig. 9(a)-9(d). In this case, the load
demand is fulfilled from the FC, MT, and batteries, and the
remaining generated power is sold to the main grid or it can
be used for EV charging, etc. Due to the continuous
operation of the micro gas turbine to meet the load demand,
the cost of power generation is higher in this particular case.
The expense of operation and maintenance is also
escalating.

a4
x 10
1.3 T r T r
Electrical Power Load
A i
.l it Total Generation (PSO)
12 Total Generation (ANN)
Total Generation (RF)

09
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5.1.3 Case-lll: MG system with DERs (solar PV, WT,
FC, MT, and Battery)

In Case I, the analysis of the proposed grid-connected
MG system with all the DERs is considered. The total power
generation from DERs is optimized to meet the electrical
load demand using RF, PSO, and ANN as depicted in
Fig.10(a)-10(d) for different seasons. RF generates the
maximum power during the winter months when compared
to ANN and PSO. Due to load variations, maximum and
minimum generation for RF and ANN fluctuates over the
seasons of spring and autumn. In the summer, RF produces
the maximum energy, whereas ANN produces the least
energy. Maximum and lowest generations have fluctuated
during the monsoon season for RF and ANN.

The optimal battery charging and discharging
conditions with constraint are also analyzed using RF, PSO,
and ANN techniques for different seasons as shown in
Figure 11(a)-11(d). Thus, it can be seen that the optimal
results obtained from CASE II1 are better than CASE | and
CASE II.
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Fig. 8 Optimal total electrical power generation to meet electrical load demand for CASE Il using PSO, ANN, and RF (a) Winter Season
(b) Spring and Autumn Season (c) Monsoon Season (d) Summer Season.
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Fig. 10 Optimal total electrical power generation to meet electrical load demand for CASE 111 using PSO, ANN, and RF (a) Winter
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Fig. 11 Optimal battery charging and discharging state for PSO, ANN, and RF for CASE IlI.

5.2 Comparative Analysis between different techniques

Table 1(a)-1(c) tabulates the statistical analysis of the
most efficient electrical power generation to satisfy load
demand, optimal battery size, and cost minimization across
different seasons. The comparison is done for population
size 50 and number of iterations 100. As can be observed in
CASE | from Table 1(a), the power produced by solar and
wind is insufficient to meet the load requirement because of
their intermittent nature. As a result, the main grid and
battery storage are used to meet load demand. In this
instance, the grid is used to supply the energy.

The battery must meet the minimal SOC requirement. The
battery will therefore charge from RESs during off-peak
hours taking into account the limits if that condition is
violated. It can be seen from Tables 1(b) and 1(c) that for
CASE Il and CASE IlI, load demand can be able to meet
from FC, MT, and DERs. The excess power left can be
further used in EV charging or storing power in batteries.
However, the cost of MT and FC systems increases which
itself increases the MG system cost as the cost of thermal
heat and hydrogen also increases. Therefore, the MG
system only based on FC and MT cannot able to function
properly in CASE Il. Thus, the MG system with all DERs
considered in Case Il gives optimized results for RF when
compared with CASE | and CASE II.

Table 1(a) Comparative Analysis of Cost for different techniques for CASE I.

Seasons Techniques  Total Power Total Remaining  Optimal Cost of power Total cost of Reduction in
generated Load load to be size of purchased from power Battery
from RESs deman fulfilled Battery grid (Rs in generated (charging)
(MwW) d (MW) (MW) (MWh) Thousand/MW) (DERs) (Rs in cost

Thousand/MW) (Rs/MWh)
Winter PSO 216298 217717 1419 8401 155.86 155.50 1957
ANN 213258 217717 4458 8383 162.52 167.57 1710
RF 215718 217717 1999 8221 153.37 153.18 1853
Spring & PSO 205300 206750 1450 8522 147.84 267.39 2113
Autumn ANN 204758 206750 1992 8499 150.53 273.44 2227
RF 205401 206750 1349 8326 147.91 260.09 2026
Summer PSO 237684 239512 1829 9882 170.82 290.45 2650
ANN 235733 239512 3779 9894 185.63 299.66 2182
RF 237965 239512 1548 9701 170.08 286.68 2036
Monsoon PSO 202011 203749 1737 8985 145.69 265.41 2580
ANN 201572 203749 2176 8859 148.37 261.15 2552
RF 202499 203749 1249 8761 142.58 248.68 2417

Table 1(b) Comparative Analysis of Cost for different techniques for CASE II.
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Seasons Techniques Total Power Total Excess Optimal Cost of power Total cost of Reduction
generated from Load Power size of sent to grid (Rs. power in Battery
RESs (MW) demand generated Battery In generated (charging)
(MW) (MW) (MWh)  Thousand/MW) (DERSs) (Rs. In cost
Thousand/MW)  (Rs/MWh)
Winter PSO 219917 217717 -2200 8435 155.8612 155.1086 2102
ANN 220097 217717 -2380 8438 163.9933 152.9662 1903
RF 219843 217717 -2126 8245 157.0669 160.7745 1746
Spring & PSO 206383 206750 987 8421 147.8412 267.4925 2570
Autumn ANN 205863 206750 887 8512 213.8181 276.7622 2740
RF 208560 206750 -1810 8399 159.3259 268.4109 2011
Summer PSO 241759 239512 -2247 9895 170.8242 289.4276 2379
ANN 241640 239512 -2128 9890 174.7256 286.3348 2286
RF 243355 239512 -3843 9662 177.7994 282.4265 2169
Monsoon PSO 206707 203749 -2568 9024 145.6853 265.0751 2555
ANN 206780 203749 -2641 9121 152.523 269.8578 2154
ANN 206959 203749 -2820 8892 159.2168 247.4122 2002
Table 1(c) Comparative Analysis of Cost for different techniques for Case IllI.
Seasons Techniques Total Total Excess Optimal Cost of power Total cost of Reduction
Power Load Power size of sent to grid (Rs. power in Battery
generated demand generated Battery In generated (charging)
from RESs (MW) (MW) (MWh)  Thousand/MW) (DERs) (Rs. In cost
(MW) Thousand/MW)  (Rs/MWh)
Winter PSO 220809 217717 -3092 8411 155.8612 154.3606 1892
ANN 219710 217717 -1993 8374 156.6234 157.5192 1539
RF 221179 217717 -3462 8063 169.3762 153.0113 1384
Spring & PSO 209551 206750 -2801 8527 157.8412 266.7699 2238
Autumn ANN 208068 206750 -1318 8465 151.9771 260.9697 2140
RF 209796 206750 -3046 8137 161.8798 254.9887 1982
Summer PSO 240124 239512 -611 9406 170.8242 289.5742 3067
ANN 240702 239512 -1190 9730 175.4285 297.7568 2809
RF 242252 239512 -2739 9594 183.7134 254.9107 1919
Monsoon PSO 206527 203749 -2778 8325 145.6853 264.2635 2940
ANN 205644 203749 -1896 8349 142.6437 244.2598 2693
RF 206778 203749 -3030 8510 152.7024 223.441 1980

5.2.1 Optimal Cost Analysis

Figure 12(a)-12(b) shows the pictorial representation of
the comparison between optimal costs obtained from
various strategies applied to the MG system. The annual
optimal cost spent in power generation for different cases is
depicted in Fig. 12(a) and Fig. 12 (b) shows the reduction in
battery charging cost using various techniques for different
seasons. As can be seen from Fig. 12(a) and statistical table
analysis the optimal cost obtained from the RF technique
gives minimal cost for all the seasons considered for
different cases. Figure 12(b) clearly shows that the RF
technique gives an optimal reduction in battery charging
cost when constraints are implemented on it. During the
winter season cost is minimal as in the case of the summer
season cost increases with an increase in demand.

Annual optimal Cost of Power Generation

P50
2600000

=B CASE 1 ==8=CASE2 =—i—CASE 3

(a) Annual optimal cost of Total Power Generation.
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(b) Reduction in Battery charging cost

Fig. 12 Comparison between optimal cost analysis of power
generation and reduction in battery charging cost using various
techniques for different seasons.

5.2.2 Optimal Battery Size Analysis

The research also focuses on the estimation of optimal
battery size for all the cases. The annual revenue spent on
the battery size is minimal for CASE 111 when all the DERs
are considered for optimization whereas the PSO and ANN
give varied results. Figure 13 shows the comparison between
average battery size (i.e. for different seasons) estimated for
the different CASES using RF, ANN, and PSO techniques.

The findings demonstrate that for CASE 111, the optimal
battery size, reduction in battery charging cost, and cost of
total power generation accomplished through the RF
approach deliver the most beneficial results as compared to
ANN and PSO.

9100

CASE 1 CASE 2 CASE3
EPSO BANN ERF
_ _ © o
Fig. 13 Comparison between optimal battery size required in
different cases using various techniques.

6 Conclusion

Electricity generation, distribution, and consumption
could be completely transformed by a grid-connected
microgrid system with distributed energy resources (DERS).
Microgrids can offer dependable and affordable power to
communities while lowering carbon emissions and boosting
grid resilience by using the advantages of DERs, such as
solar PV, wind turbines, and energy storage devices. Grid-
connected microgrids can smoothly integrate with the
current utility grid, enabling the two systems to operate
together in harmony, by using modern control algorithms
and communication technology. This allows for optimal
utilization of DERs and ensures that power is delivered to
consumers in the most efficient manner possible. In this
paper, a case study using real-time load data of various
seasons is optimized using the Ensemble learning-based RF
technique. The optimal battery size, reduction in battery
charging cost, and minimized cost of the proposed MG
system with DERs are also obtained. The finding
demonstrates the condition of load demand can be fulfilled
by proper sizing of the battery for the considered MG system
using the RF technique.
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