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ABSTRACT: This paper presents an optimal energy management and sizing
study for a smart community microgrid (MG) with the uncertainty considerations
in load demand. For this purpose, an isolated small scale microgrid is consid-
ered. It has no access to the main supply grid and serves a small community of
15 houses located in a remote area. The loads are divided into controllable and
uncontrollable categories. Demand side management (DSM) is utilized to produce
a feasible alteration in the controllable part of the load. These alterations can be
implemented with the help of smart devices connected in the consumers' premises.
The overall problem is formulated to �x the optimal size of the distributed energy
resources (DERs) required in the MG by using a genetic algorithm (GA) to min-
imize the net cost-based optimization problem. A diesel generator based power
plant and a battery storage power plant have been considered as the DER unit.
The overall optimization is performed in two parts. The �rst part of optimization
is done without DSM implementation, and the second part is done on the modi�ed
system peak load after DSM implementation. A numerical case study has been
performed to obtain the quantitative results and to check the e�ectiveness of the
formulated algorithms in terms of the optimal number of DERs, their correspond-
ing optimal ratings, optimal cost value, reduction in carbon footprint, and the
annual cost savings in the form of CO2 emission tax. A comparative study of the
GA and the mixed-integer linear programming (MILP) approaches has also been
conducted for �nding the optimal cost. The overall study has been carried out
under the MATLAB environment.

Keywords: Mi-
crogrids (MGs),
Demand side man-
agement (DSM),
Optimization, Car-
bon footprints,
Renewable energy,
Genetic algorithm
(GA)

DOI: 10.37936/ecti-cit.2021152.240491

Article history: received April 22, 2020; revised July 17, 2020; accepted September 15, 2020; available online April 23, 2021

1. INTRODUCTION

Microgrids (MGs), from the viewpoint of overall
system reliability improvement as well as for the uti-
lization of renewable energy resources (RESs), are po-
tentially viable. These grids not only support the
main grid, but also provide a reliable supply to re-
motely located communities where the main grid sup-
ply may not be available. Microgrids are of two types,
grid-connected/supported and Isolated/islanded mi-
crogrids. In grid supported MGs, voltage and fre-
quency are controlled by the main supply grid,
whereas the islanded type of microgrids must be self-
su�cient to produce enough power to feed load re-

quirements. For an economically viable MG, it is im-
portant to formulate an optimal energy management
and sizing problem. That includes �xed and variable
costs involved in MG planning. Therefore, planning
and operation of an MG depends upon many factors
which involve estimation of load, available distributed
generation estimation, and also site availability [1].

In this paper, capital costs ($/kW), operation &
maintenance costs ($/kW), and the fuel costs associ-
ated with the diesel power plant (DPP) are consid-
ered. The formulated objective function in the study
is a cost minimization function and the overall op-
timization is performed with the help of a GA. The
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annual cost savings is obtained through a compari-
son between pre and post implementation of DSM. A
DSM is referred to as the alteration in load when and
if required for maximum utilization of resources as
well as to improve the load profile of the consumer.
In this paper, historical data of the load has been
considered for forecasting purposes. A multi-layer
feed-forward (FF) neural network trained with back-
propagation (BP) algorithm [2], [3] is used.

1.1 Literature Review

For long term MG planning, economically viable
configurations of DRs along with cost benefits are
needed. RESs are becoming important choices to get
cheaper and cleaner energy. The increasing renew-
able penetration in the microgrid system decreases
the carbon footprints, but it also decreases the over-
all system reliability. On the other hand, the use
of RESs such as wind energy, solar energy, biomass
energy, etc., reduces the overall running as well as op-
eration costs [4,5] of a microgrid system. It is quite
important to identify the costs associated with the
MG system. The cost data associated with energy
generation in MG is specified in [6]. As given in [7]
and [8], the non-OECD (Organization for Economic
Cooperation and Development) countries that shows
the developing countries need most of the power con-
sumption by 2040. Hence, the utilization of RESs is
growing remarkably to match the increasing load de-
mands. An example of this is India, where a target
of 100 GW of energy generation from RESs by 2022
has been set by the government. It also affects the
gross domestic production (GDP) of any country [9].
In [10], cost-based MG planning is proposed that en-
compasses a communication-based study of short and
long term MG planning. [11] proposed a study which
is based upon the associated risk factors in the MG
planning to get enhanced policy incentives. [12] pro-
posed an interconnected MG planning framework to
reduce overall MG system costs. In [13], an energy
management scenario is presented for Li-ion based
storage systems utilizing a cost reduction problem for
MG. [14] proposed an optimal diesel generation prob-
lem utilizing virtual storage available on the load side.
The majority of the available studies considered a sin-
gle scenario based deterministic approach and neglect
any kind of uncertainty associated with the MG sys-
tems.

For an optimal and prevailing MG planning solu-
tion, appropriate load forecasting is also vital. [15,16]
proposed a load forecasting method that depends
upon a memory-based deep learning process. Com-
pared to different traditional load forecasting meth-
ods, [17] proposed an IoT (Internet of Things) based
load forecasting which offers more accurate data
weight. An accurate load forecasting approach is pro-
posed in [18] which uses a differential algorithm based
rule sets for minimizing the forecasting errors. An op-
timal energy management technique is proposed

Fig.1: MG structure under consideration

in [19], where a one-layer recurrent neural network
is used. The battery storage has been modeled to
support the energy balance in the smart grid as an
important part of the study. An improved technique
for long-term load forecasting which is based upon
wavelet and neural community is proposed in [20].
In [21], characteristics of the load time-series of a
typical MG are discussed, and the differences with
the load-time series of traditional power systems are
described. [22] examines the most admissible and
acceptable studies on electricity demand predictions
over the last forty years and presents the different
models used as well as future trends. [23] proposed
short-term forecasting of electrical energy demands
at the local level, incorporating advanced metering
infrastructure (AMI), or smart-meter data.

The prescribed study associates the use for (DSM)
to reduce the burden on connected energy sources as
well as to improve the overall system load factor. It is
important to consider and implement a typical DSM
technique. In general, the demand side management
or demand response (DR) are the techniques and
methodologies that encourage the consumer to reduce
their energy consumption optimally [24]. DSM has
many advantages. However, it is still underutilized.
[25] provides a framework for investment and opera-
tion of a microgrid underneath renewable penetration
along with DSM. [26] proposes small microgrid plan-
ning with energy management and MG optimization.
An optimal microgrid planning and operation prob-
lem has been formulated in [27-29] using DSM with
renewable penetration. Here, a bi-objective problem
is formulated for the economic as well as the environ-
mental aspects. In [30], a simulated annealing based
approach is utilized for MG planning. It is proposed
in [31] that DSM is also a desirable feature when it
considers an overall MG control design.

Although comprehensive literature in the field of
optimal microgrid planning and energy management
is available as given above, most of them consider
a deterministic approach. Moreover, this study en-
courages the use of smart technologies for the energy
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savings in the system. This study also emphasizes the
formulation of an optimal problem that leads to a re-
duction in carbon emission. The execution of DSM
in this paper is carried out through the use of recur-
sive programming, and the peak shaving method is
utilized for this purpose. The peak shaving method
is defined as the peak load reduction on a utility dur-
ing peak periods by shifting the peak load to the low
load areas. It can be applied through direct control of
consumer appliances or by way of electricity control
through consumer ’s smart devices. A central con-
troller is assigned this task, which is placed between
the load and the distributed generation. Two kinds
of objective functions exists: one is to enhance load
factor for utility, and the other is to reduce electric-
ity bills for consumer ’s [32]. Half an hour forecasted
data samples are considered in this paper to obtain
the MG load profile. The MG structure prescribed
in this paper is given in figure 1, wherein two sources
are considered. One is diesel engine generator based
that also serves as a primary source. The other is a
storage plant unit that supports the primary source
to reduce the carbon footprints (CFP). The overall
contribution of the study is given in the next subsec-
tion.

1.2 Contribution

Most of the available literature considers a deter-
ministic planning approach for the optimal problem
formulation, but somehow neglects the randomness in
the load demand data. The use of smart technologies
for MG planning needs more attention and research.
The formulation of the overall optimization problem
is carried out in two parts. These two parts are asso-
ciated with the DSM implementation strategy which
focuses on the controllable load of the MG system in
a simpler manner through the smart devices.

The distinctiveness of the algorithm for the DSM im-
plementation may be observed from its functioning
with various load profiles since it considers the per-
centage contribution of individual household load in
the formation of an overall system peak. It means
each individual load curve has a certain percentage
contribution in the formation of the overall system
load curve. At each iteration of the algorithm, it
finds which individual house load curve contributes
the maximum percentage in the MG system peak and
accordingly it shifts the peak load of that household
load to the low load areas of the load profile curve.
This paper proposes a more generalized and simple
methodology to address the MG planning problem
for remote communities. In this study, the utiliza-
tion of demand response along with the minimization
of CFP has also been encouraged. The overall objec-
tive of the study is to formulate the optimal energy
solutions for remotely situated communities which re-
quire comparatively less time to establish and also
have adopted an energy saving strategy in terms of

Fig.2: Steps involved in MG planning

demand side management. For the implementation,
different algorithms are applied to get an optimal
utilization of distributed energy resources. The re-
sults show the implementation of the formulated al-
gorithms in coordination with the genetic algorithm
which is used to optimize the cost minimization func-
tion.

The rest of the paper is arranged as follows. In
section II, methodology and problem formulation is
presented. In section III, a numerical case study has
been conducted. In section IV, results are discussed,
followed by the conclusion in section V.

2. METHODOLOGY AND PROBLEM DE-
SCRIPTION

2.1 Methodology

The steps entailed in the overall planning and siz-
ing are given in figure 2. The loads are divided
into two categories: controllable (can be controlled
through smart appliances or by any other mode), and
uncontrollable loads (must be supplied continuously
and are part of the base-load). The DSM is carried
out over the controllable load part of the overall MG
system load. The peak shaving approach is used for
the DSM implementation as discussed in the last sec-
tion. A storage system based plant has also been
included in the MG test system.

The load forecasting is done through a multi layer
feed-forward neural network trained with back prop-
agation (BP) algorithm as shown in figure 3, where
Ni, Nh, and No are the total number of variables
pertaining to the input layer, hidden layer, and the
output layer, respectively. The ith input correspond-
ing to the input layer and the jth unit of the hidden
layer are connected to each other through a factor
Wij which is known as a weighting factor. A nonlin-
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ear transfor-

Fig.3: A Multilayer feed-forward neural network

formation is done by each unit of the hidden layer, 
known as neuron. The input corresponding to unit i 
is shown by xi. The output of unit k of the neuron is 
shown by yi. The weighting factor between neuron j 
and the neuron k is shown by Wjk. The Feed-forward 
neural network is trained to approximate a function 
between the half hourly load and the input variable. 
Next the procedure used to forecast the load is given. 
More details can be seen from [3-33]. The number of 
hidden layers and neurons can vary and depend upon 
the size and the nature of considered data set.

2.1.1 Selection of input variables

The Input variables viz. previous load, price, and 
temperatures are considered for testing and the train-
ing of ANN.

2.1.2 Pre-processing of the data

Here, the improper and error data is identified and 
discarded.

2.1.3 Scaling

The raw data is scaled between the lower and up-
per bands of the transfer function. Typically, between 
0 & 1 or -1 & 1.

2.1.4 Training

An ANN system uses training to learn the patterns 
that are present in data.

2.1.5 Simulation

The input patterns are used to simulate the fore-
casting output data.

2.1.6 Post-processing of data

Only de-scaling of the data is required to obtain 
the forecasted load data.

Fig.4: The overall load response curve of the micro-
grid system

2.1.7 Analysis of the error

The overall output data is analyzed using differ-
ent methods such as Mean Absolute Percentage Error 
(MAPE), Mean Square Error (MSE), and Percentage 
Error (PE) to obtain an error-free data. The perfor-
mance parameters are obtained as: RMSE: 2.1; R-
squared: 0.52; MSE: 3.1; MAPE: 1.23; training time: 
0.985sec.

The load data has been forecasted with the help of 
the previously discussed method, and the load curve 
has been prepared. The historical data pertaining to 
load, temperature, and the energy price has been con-
sidered carefully during the forecasting process. The 
overall load curve of the microgrid system is obtained 
as a forecasted curve and is shown in figure 4. The 
predicted load curves are used as the microgrid in-
dividual house load curves. From these, the overall 
system load curve is obtained and can also be seen in 
figure 6(f) later in the section. The considered ANN 
approach has the following structure:
Network: Feed-forward back propagation
No. of inputs: 3
No. of hidden layers: 1
No. of hidden neurons: 10
Transfer function: Hidden layer - Tan-sigmoid; Out-
put layer - Linear TF
Training function: Levenberg-Marquardt
Learning function: Gradient descent with momentum 
back propagation.

For simplicity, a few assumptions have also been 
made in this paper. For instance, the converter dy-
namics are disregarded from the storage system. The 
DPP and ESS plants are connected to an a.c bus and 
are feeding a small community load.

The step by step development of optimization in-
volved in DSM implementation is given below. The 
overall optimization problem is designed as:

Step I. Load forecasting of 15 house community. 
Step II. Get individual load curves and the overall 
load curve of the community.

Step III. Apply first part of optimization using GA 
here corresponding to the initial system peak load.
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Fig.5: Smart community scheme

Step IV. Obtain % contribution of each load curve in
overall peak formation

Step V. Set a dispatchable limit of DERs for the DSM
implementation.

Step VI. Apply DSM to set the load curve at the dis-
patchable limit.

Step VII. Apply second part of optimization using
GA at this point.

The algorithm may be carried out for two sea-
sonal scenarios, i.e., winter and summer seasons. In
this paper, a winter scenario is considered with an
assumption of peak load occurrence annually using
the forecasting. The smart community scheme for
DSM implementation is given in figure 5, where the
controllable loads are connected to smart plugs (SP)
and the remaining loads are connected with the nor-
mal plugs (NP). Wireless communication such as Wi-
Max(IEEE 802.16, 802.22) standards; LTE/2G/3G
cellular connectivity, home area network (HAN),
WiFi (IEEE 802.11), ZigBee (IEEE 802.15.4),(IEEE
802.15.1), etc. or wired communication techniques
can be used for load control or load alterations.

In this study, a wireless communication link is as-
sumed to connect the smart community with a de-
mand side control center. This controller is placed
between the load and the distributed generation. The
smart meters are connected between the controller
and the loads to get load data for necessary control
actions. The load curve of the individual houses and
collective load profile curves of the whole system are
given in figures 6a-6e and 6f, respectively, with ran-
domness added. These are discussed later in this sec-
tion.

Fig.6: Half hourly load curve of five individual group 
loads (a-e) and overall load curve (f).

2. 2 Optimal Problem formulation

2.2.1 Optimal Microgrid Sizing

The overall objective function is formulated as a 
cost minimization function of the microgrid system 
that needs to be minimized with the help of a meta-
heuristic approach to obtain an optimal size of a small 
community microgrid and is given in equation (1). 
This cost function includes installation costs, opera-
tion, and maintenance costs, and also the fuel costs 
associated with the DPP unit.

min(f) = min(
N∑
i=1

(CIi+Com,i)∗Xri+Cfuel+Cdsm)

(1)
N represents the total number of distributed energy
resources types connected to the microgrid system



Optimal Energy Management and Sizing of a Community Smart Microgrid Using GA with Demand Side Management and Load Uncertainty191

with respect to a particular plant. ‘CIi’ ($/kW) is
the capital cost of the plant, Com ($/kW) represents
the operation and maintenance cost of the plant. ‘i’
is the ith plant unit. Xr is the plant output rating.
Cfuel is the fuel cost of DPP unit and is equals to∑T
t σdg ∗ Xdg(t). σdg ($/kWh) is the fuel cost of a

diesel generator unit and is considered as 0.25. Xdg(t)
is the diesel generator output in DPP at any time ‘t’.
‘T’ total sampling period and is considered as 24hrs.
Cdsm is any cost associated with DSM implementa-
tion which includes cost of smart appliances or any
other device. For simplicity of the algorithm, it is as-
sumed that the DSM implementation cost can be re-
covered within a time period of 2-3 years. Therefore,
this cost can be neglected from the objective function
and hence, the objective function in equation (1) can
be replaced by equation (2).

min(f) = min(
N∑
i=1

(CIi + Com,i) ∗Xri + Cfuel) (2)

The genetic algorithm is being utilized to solve the
optimization problem with a generation size of 200
and the constraint tolerance is set at 1.0e-03 with a
crossover fraction of 0.8. The two types of DERs are
considered for the study and typical cost considera-
tions for these are given in Table 1 [34-37].

Table 1: Typical costs and ratings consideration for
the DERs

S.No DER
CI Or Cfuel Com

($/kW) (kW) ($/kW) ($/kW)
1. DPP 692.3 10 0.23 0.8
2. ESS 2272.7 10 0 0.27

2.2.2 Load modeling

The load is modeled as a random variable, and a 
beta distribution is being utilized to create the ran-
domness in the load demand with the help of the 
‘randraw’ function of MATLAB as shown in figure 6. 
The probability density function (PDF) is defined in 
equation (3).

PDF =
(x− l)a−1 ∗ (u− x)b−1

Z(a,b) ∗ (u− l)a+b−1
(3)

x is a variable. a and b are called shape parameters. l,
and u are the lower and upper bounds of distribution
respectively. Z(a,b) is a beta function which defined
in equation (4).

Z(α,β) =

∫ 1

0

x(t−1) ∗ (1− t)β−1dt (4)

α, β are the shape parameters and are considered as
0.5 [38]. The randomness or the uncertainty in the
load has been added as a percentage of variation from
the average load value. Therefore, a more practical

scenario can be presented with respect to the load 
demand. There have been 24 such scenarios added 
to each household load curve and these are shown in 
figure 6. For the ease of understanding how the algo-
rithms work, it is assumed that out of total 15 com-
munity houses, every three houses have the same kind 
of load curve. This may be true because of the same 
kind of load connectivity in the houses or because 
of the same work profile of the community. Hence, 
there will be a total of five curves obtained and they 
are shown in the form of groups 1 to 5 in the figure.

2.2.3 Description of algorithms

The overall problem is formulated for a smart com-
munity with a small scale microgrid with the help of 
algorithms 1 and 2. Any available excess energy in 
the system corresponding to load variations or load 
reduction can be utilized to charge the storage sys-
tem.
Algorithm 1 Demand Response Implementation
Input: Dispatchable limit (DL); Sampling period
SP(=24 hrs)
Output: Modified Load Curve
Initialize iter=1;
while iter ≤ SP do
if Xpeak ≥ DL then
Apply DSM using PSS;
Increment iter=iter+1;
return Obtain Modified Load Curve.

A dispatchable limit, which is variable with respect
to the system load and the DERs ratings, is set for
the DPP, shown in algorithm 1. This limit can be set
as per generation availability after the fulfillment of
the uncontrollable or critical part of the load as a per-
centage of the output power of the connected DERs
and can be applied only on the controllable part of
the load. This algorithm reduces the peak demand
of the individual community loads to a predefined set
dispatchable limit. For this purpose, the peak shav-
ing strategy (PSS) is used.

Algorithm 2 ESS Support
Input: Modified Load Curve; Icount; Initial SOC;
SP(=24 hrs)
Output : SOC
Data: Xdg

Initialize count=1;
while count ≤ SP do
if Icount ≥ 0.85Xdg && SOC ≥ 0.3 then
Discharge Battery using Eq (5);
else if (Icount < 0.85Xdg) then
(if SOC < 0.9) then
Evaluate SOCcount;
Set ISOC=SOCcount;
Increment count=count+1;
else SOCcount = ISOC
else Charge Battery using Eq (5);
return Add output line
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It is worth mentioning that the shifting of the peak
load to the low load areas depends upon the percent-
age contribution of each load to create the overall
peak of the system as discussed in section I. This pro-
cess continues until all individual community peaks
settle to a predefined dispatchable limit.

As soon as the load curve acquires the set dispatch-
able limit after the execution of DSM by using smart
appliances connected in the system, the load is being
supplied through the DPP being supported by the
ESS plant. From the efficiency point of view, it is
assumed that the DPP is running near 85-90% of its
rated capacity.

The depth of discharge (DOD) for the storage sys-
tem batteries is considered as 30%, and once the bat-
teries have discharged to this value, they acquire a
standby. If the charging area or excess energy (avail-
able in terms of % of load variations/reductions) are
not available in the system, the ESS gets charge
through a reserve capacity of the DPP i.e., Xdgr.
This condition may occur with a large increment in
the MG load. Each time when the charging regions
are available, the ESS will charge through the DPP,
and the process continues until the battery acquires a
maximum charge level of 90%. After this, the battery
system again acquires a condition of standby. The al-
gorithms check the load demand at each instant for
the whole 24 hrs of a typical day. The overall charg-
ing/discharging processes of the ESS system are ac-
complished through equations (5)-(8). It is assumed
that the battery banks used in the ESS system have
similar characteristics and ratings. Icount, as seen
from the algorithm 2, is the instantaneous value of
the load. SOCcount gives the storage system state of
charge at any time instant. ISOC is the initial state
of charge which the ESS acquires after each iteration.
Once the conditions considered in the given algorithm
are fulfilled, the storage system supplies the power or
starts discharging. It is assumed that the storage sys-
tem is initially charged to its full capacity.

The net power flow across ESS is taken by con-
sidering the efficiencies for the power conversion dur-
ing the charging and discharging processes. Since the
ESS is charged through the DPP, the rate change of
the stored energy in ESS is proportional to the net
power supplied by the diesel power plant. Mathemat-
ically, it is the difference between power supplied by
the DPP (Xdg) and the active power (Xi) consumed
by the load at any time instant and is shown by equa-
tion (5).

Table 2 shows a typical load scenario of a house
connected to the small community microgrid system.
The uncontrollable loads include the common com-
munity loads like pump load, street light load, dis-
pensary load, etc. A typical set of 24hr load demand
data is considered for the study with half an hour
data samples. The algorithms check and satisfy the
load demand at each instant of the day, and hence,

the overall load curve obtained now has a controlled
system peak.

(Xdg −Xi) ∗ E =
dQESS
dt

(5)

where

 E = {ηc} forXdg ≥ Xi

E = {1/ηd} forXdg < Xi

 (6)

E is the efficiency corresponding to charging and dis-
charging processes. dQESS/dt is the rate change of
the stored energy in the ESS. ηc and ηd are charging
and discharging efficiencies of the storage system, re-
spectively. Stored energy (QESS) in ESS over a time
period ∆t may be expressed by equation (7).

QESS(t+∆t)=QESS(t)+

∫ ∆t

t

(Xdg(t)−Xi(t)) ∗ Edt

(7)
For relatively small time periods the above equation
can be approximated by equation (8):

QESS(t+ ∆t) = QESS(t) + (Xdg(t)−Xi(t)) ∗ Edt
(8)

Typical storage system parameters considered in this
study are given in Table 3.

3. NUMERICAL CASE STUDY

A numerical case study has been performed for
the two optimization conditions. In the first part
(i.e., case 1), the optimization of the microgrid system
is performed without the implementation of DSM.
This means only the initial system peak is consid-
ered for the MG sizing. The second part (case 2)
pertains to the MG sizing after the DSM execution
when the system peak is reduced to a predefined dis-
patchable limit through the controllable loads. This
also improves the power utilization of the connected
loads as well as the overall load factor of the sys-
tem. The equations (9)-(12) describe the available
system constraints. The equations (9) and (12) show
the load-demand constraint before and after the DSM
execution, respectively. The other equations show
the constraints on DERs maximum/minimum out-
put. These constraints are utilized for our genetic
algorithm implementation for optimization. Table 4
shows the typical maximum/minimum output ratings
associated with each type of power plant under con-
sideration.

3.1 The system constraints for case 1

a. A fixed cost of electricity production is considered
(location specific).
b. A single unit of each type of DER plant.
c.

Xbat +Xdg ≥ Xoldp ∀ t (9)
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Table 2: Controllable and uncontrollable loads of a typical home

Device Name Device Type Rating (kW)

Operating
hrs for
Group1
loads

Operating
hrs for
Group2
loads

Operating
hrs for
Group3
loads

Operating
hrs for
Group4
loads

Operating
hrs for
Group5
loads

Washing Machine controllable 1.4 1 1 1 1 1
A.C controllable 1.2 0 0 0 0 0
Refrigerator controllable 0.15 24 24 24 24 24
Lighting Loads controllable 0.4 5 6 6 6 6
Fan controllable 0.08 0 0 0 0 0
TV controllable 0.09 5 4 6 6 6
Heating Loads controllable 1.0 13 13 11 11 11
Remaining Loads uncontrollable 3.2 24 24 24 24 24

Table 3: Typical Storage system Parameters

S.No Parameters/quantity Value/Number
1 ηc 0.9
2 ηd 0.9
3 ISOC 40 kW
4 ESS System 1(10kW for 4hrs)

Table 4: Plant max/min rating

Plant type Xmax(kW) Xmin(kW)
ESS 12 10
DPP 70 10

Xmax
bat ≥ Xbat ≥ Xmin

bat ∀ t (10)

Xmax
bg ≥ Xdg ≥ Xmin

dg ∀ t (11)

3.2 The system constraints for case 2

The constraints for case 2 are same as that of case
1, except the constraint given in the equation (9)
changes to equation (12) with a new reduced system
peak.

Xbat +Xdg ≥ Xnewp ∀ t; (12)

Xoldp and Xnewp are the overall system peak be-
fore and after load alterations and are discussed in
detail in the next section. Xbat, (kW) and Xdg(kW)
are the output ratings of ESS and diesel generator
system. Xmax

bat , Xmin
bat and Xmax

dg , Xmin
dg are the max-

imum and minimum output ratings of the ESS and
diesel generator systems, respectively.

4. RESULTS & DISCUSSIONS

The overall energy management problem is formu-
lated and analyzed with the help of the peak shaving
strategy of DSM. This technique is applied on the in-
dividual load curve of the community houses in such
a manner that each time the peak load crosses the

set dispatchable limit (shown in figure 7), the overall
peak of the system shift towards regions where the
load is comparatively low and this can be achieved
through the smart appliances connected at the con-
sumer’s premises. Each curve in figure 7 shows the
average value of multiple random load scenarios pre-
sented in figure 6. Figure 8 shows the overall system
load curve, which is obtained before and after the im-
plementation of demand response on the micorgrid
community load curve. It can be observed from the
figure that the load curves settle to a predefined dis-
patchable limit after the execution of DSM through
the applied algorithms.
The charging and discharging of the storage system,
along with the implementation of DSM on the com-
munity load, can be seen from figure 9. It is ob-
served from this figure that during the post DSM ex-
ecution period, if the overall load curve reduces to
a prescribed load limit, the energy from the DPP is
used for ESS charging.

Fig.7: Individual load curve profile before and after
DSM implementation
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Fig.8: Overall load curve before and after DSM im-
plementation

Fig.9: Overall load curve before and after DSM Im-
plementation with ESS profile

It can be seen that during the morning hours, the
controllable load is more than 15% of Xdg(load limit
for battery charging/discharging) or the total load is
greater than 0.85 Xdg and ESS is initially charged
at its full capacity. Therefore, as per the algorithms,
the discharging of the storage system up to a 30% of
the DOD level starts. Thereafter, the battery system
stays at this level until a charging region is created
or the availability of energy for the charging is there,
and then it charges through Xdgr (DPP reserve ca-
pacity) as per reliability considerations. After the
seventh hour, the load starts decreasing, so the bat-
tery system gets charging through the diesel power
plant until it acquires a maximum SOC set level of
90%. The charging area in the load curve is available
up to 17:00 hrs. Later the load demand increases
during the evening hours over a certain prescribed
limit, and hence, the discharging process starts. The
overall charging and the discharging of the ESS solely
depends upon the applied algorithms.

The overall load of the microgrid system can be
defined by the total available base-load. This base-
load comes from the critical load of the system,

Table 5: Comparative optimal sizing and cost anal-
ysis of DERs

S.No DER Xa(kW)a Nbb
Case1 Case2 Case1 Case2

1. ESS 10 10 1 1
2. DPP 56.74 52 6 5

‘a’ Optimal Ratings
‘b’ Optimal Number

which needs to be supplied continuously, and the non-
critical load. Therefore, the base-load curve is added
to the overall system peak before and after the im-
plementation of DSM to obtain the overall microgrid
load. Hence, the total load before the DSM execu-
tion can be obtained as (18.75(initial peak load in
(kW)) + 48 (base-load in (kW))) and is equal to
66.75kW (Xoldp) and the (14 kW (peak after DSM) +
48 kW(base-load)) which is equal to 62kW (Xnewp)
after the DSM implementation, respectively. Tables
5, 6, and 7 show the assessment of results with re-
spect to various parameters for the cases 1 and 2.
In Table 5, the optimal number of DERs to be con-
nected in a typical plant is obtained for both DPP
and ESS based power plants along with their opti-
mal ratings. Table 6 shows a comparative assess-
ment of results for GA as well as MILP based ap-
proaches for cases 1 and 2, respectively. It can be
seen from the table that an annual cost savings of
about $ 3,318.00 can be achieved with our GA based
approach. Also, the overall load factor of the system
improved form 58.96% to 78.96%. It is also clear from
the table that the MILP based approach provides an
optimal cost reduction of $ 3,485.00, which is higher
than the GA based approach. Therefore, the other
results are discussed for the GA only which provide
comparatively more economical results compared to
the MILP approach. Table 7 shows the CO2 profile
of the MG system for the aforementioned two cases.
There is a reduction in the CO2 emission observed
of about 4.194e5 KgCO2/year. The CO2 emission
calculations are made for fossil fuel-based DER. For
example, DPP, with a consideration of 1.5 gallon/hr
diesel consumption rate for the generator for both the
cases. The CO2 emission tax is considered as $9/Ton.

For case 1 before the DSM implementation, the
overall system peak load was observed as 66.75kW.
In this case, the optimal number of ESS units and
diesel generator units in a given type of plant are ob-
served as 1 and 6 with the optimal ratings of 10kW
and 56kW, respectively. The optimal percentage use
of the DPP is obtained as 81%, and the rest can be
used as reserve capacity (Xdgr). The optimal cost
in this case is $ 6,237.80. The cost and the opti-
mal values, in this case can be seen from figure 10.
Similarly, for case 2 post DSM execution, the over-
all peak of the microgrid system is now reduced to
a lower value. Therefore, the overall system sizing is
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Table 6: A comparative cost and load factor assessment
S.No Parameters Case 1 (GA) Case 2 (GA) Case 1 (MILP) Case 2 (MILP)
1. Optimal cost (Copti)($) 6,2378.00 5,9060.00 6,3241.00 5,9756.00
2. Total reduction in optimal cost 3,318.00 (GA) 3,485.00 (MILP)
3. Load Factor (%) 58.96 78.964 58.96 78.964

Table 7: CO2 Profile
S.No Parameters Case 1 (GA) Case 2 (GA)
1 CO2 emission (Kg CO2/yr) 29.16e5 24.966e5
2 Total reduction in CO2 emission 4.194e5
3 Reduction in CO2 tax ($/yr) 1,3420.00

Fig.10: Best individual contribution of DERs for
case1

done corresponding to 62kW, and not corresponding
to 66.75kW. The optimal number of DERs required
in a typical power plant for the aforementioned two
cases changed to 1 and 5 from previous values of 1
and 6 with an individual optimal rating of 10kW and
52kW for the ESS and the DPP, respectively. The
number of DERs in the DPP was reduced. Since the
DPP is serving as a primary energy source and sup-
plying a major part of the load and also the storage
plant is only serving as a supporting energy source,
this reduction is observed in DPP only and not in
the storage plant. The microgrid optimal cost, in
this case is, obtained as $ 5,9060.00, and can be seen
in figure 11. The required optimal capacity of the
DPP is also reduced to a value which is about 74% of
the overall rated capacity of the plant and is 7% less
than the first case. This also provides an additional
scope for storage system charging and also saves the
reserve capacity of the diesel power plant.

A reduction of 4.75kW in the peak load require-
ment has been observed after the implementation
of DSM. The change in the optimal number of dis-

Fig.11: Best individual contribution of DERs for
case2

tributed sources and its capacity depends upon the
costs associated with them. The storage system plays
a significant role in the working of the overall MG sys-
tem. This not only ensures the reliable supply to the
MG system but also encourages the use of many sus-
tainable energy resources such as rooftop solar panels
and small scale wind turbines. The average computa-
tional time for the algorithm to run for the considered
microgrid system is observed as 4.9 sec. It is impor-
tant to notice that the overall computational time
largely depends upon the problem structure and the
parameters included.

5. CONCLUSION

A cost-based planning scenario is considered that
includes the net cost of all the DER based plants.
The optimization problem is executed in a way that
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starts from the forecasting of the community load to
the implementation of the DSM technique on control-
lable load to the cost optimization for the two cases
considered. The load uncertainty of 10-15% is added
using a beta distribution. Since the community load
is small, the two types of DERs are sufficient to sup-
ply the load. For bigger systems, locally available
energy sources like solar and wind energy can also be
utilized. The applied algorithms work in such a man-
ner that each time the percentage contribution of an
individual group load curve changes or violates the
set dispatchable limit, the peak of the system will be
shifted accordingly to the low load hours. The genetic
algorithm is used to optimize the overall microgrid
system. The results show the optimal sizing of DERs
in a given MG system, including the optimal ratings
of each DER as well as the optimal numbers of DERs
required to connect in a particular power plant. In
this study, a small scale MG test system is consid-
ered. The overall sizing of the system incorporates
some critical aspects of forecasted data collection and
its processing and the implementation of DSM on the
system. The aforementioned algorithms are designed
to work for a remote area community where main grid
supply access is not available. These kinds of small
scale community smart microgrids can be supplied us-
ing the formulated algorithms and can be beneficial.
For the installation of supply systems for these small
scale microgrids, comparatively smaller time horizons
are required. The optimization problem is executed
on a server with the Intel Core i7 vpro processor at
3.60 GHz processing speed with 24 GB of RAM. In
the future, Plug-in hybrid electric vehicles (PHEV)
can also be a part of such small scale smart micro-
grids.
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