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Abstract: Renewable energy resources are deemed a potential energy production source due to their cost efficiency and harmless reaction to the
environment, unlike non-renewable energy resources. However, they often fail
to meet energy requirements in unfavorable weather conditions. The concept
of Hybrid renewable energy resources addresses this issue by integrating both
renewable and non-renewable energy resources to meet the required energy
load. In this paper, an intelligent cost optimization algorithm is proposed to
maximize the use of renewable energy resources and minimum utilization of
non-renewable energy resources to meet the energy requirement for a nanogrid
infrastructure. An actual data set comprising information about the load and
demand of utility grids is used to evaluate the performance of the proposed
nanogrid energy management system. The objective function is formulated to
manage the nanogrid operation and implemented using a variant of Particle
Swarm Optimization (PSO) named recurrent PSO (rPSO). Firstly, rPSO algorithm minimizes the installation cost for nanogrid. Thereafter, the proposed
NEMS ensures cost efficiency for the post-installation period by providing
a daily operational plan and optimizing renewable resources. State-of-the-art
optimization models, including Genetic Algorithm (GA), bat and different
Mathematical Programming Language (AMPL) solvers, are used to evaluate
the model. The study’s outcomes suggest that the proposed work significantly
reduces the use of diesel generators and fosters the use of renewable energy
resources and beneficiates the eco-friendly environment.
Keywords: Smart grid; nanogrid; distributed generation (DG); renewable
energy; optimization; machine learning

1 Introduction
Most of the central power generators rely upon conventional means of energy to produce
electricity. These resources encompass oil, natural gas, coal, and nuclear energy, collectively termed
fossil-fuel-based solutions that generate around 80% of the world’s energy [1]. These non-renewable
energy resources pollute about 30.8 billion tons of CO2 in the environment every year, becoming
This work is licensed under a Creative Commons Attribution 4.0 International License,
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a significant threat to environmental pollution [2]. On the other hand, natural resources such as
solar, wind, and hydrothermal hold a great potential to meet ever-increasing electricity requirements without harming the environment. However, due to their high dependence upon weather
stochasticity, these renewable energy resources often fail to produce an adequate amount of
energy [3,4]. In such a scenario, an ideal solution is formed by integrating renewable and nonrenewable energy resources to exploit their collective capacities, known as hybrid renewable energy
source (HRES) [5]. HRES is a combination of different diesel generators used to meet the required
load [1].
Since past several years, distributed generation (DG) has gained popularity because of its
ability to mitigate the need of grid extendibility [6–8]. Although DG is considered as one of the
best possible sources to generate on-site energy; however, it suffers from issues like installation cost
and instant power provision [8]. Controlled systems in the form of a microgrid or nanogrid were
introduced to overcome the said issue. These systems hold enough capacity to generate electricity
to meet energy demands of a limited geographical area [9]. A nanogrid is deemed an integral
aspect of DG wherein electricity is generated for a single building [9]. In other words, it is a
confined electricity supply system that can serve a limited geographical area either being isolated
or connected to the main power grid via gateway [10]. The scientific community has presented
various nanogrid structure-based optimization solutions in the form of analytical methods for
sizing photovoltaic for nanogrid with the objective of increased reliability and least loss of power
supply [11–13].
Similarly, the authors suggested Mixed integer linear programming (MILP) to reduce cost
for optimal sizing of DG unit and battery [14]. Photovoltaic (PV) solar energy is generated
by transforming sunlight into electricity using a technology based on the photoelectric effect.
Recently, PVs systems are used to generate energy because they have minimum investment cost,
feasible integration onto the buildings (i.e., rooftop), and efficient performance. Integrating PVs
with fuel-based sources along with energy storage unit forms a hybrid renewable energy system
(HRES), which has been proven quite useful in fulfilling the desired outcomes about reduced
energy cost and CO2 emission [10,15,16].
However, very few attempts have been made to exploit the collective potential of renewable
and non-renewable energy resources for nanogrid infrastructures to the best of our knowledge. In
this study, we present an intelligent nanogrid energy management system that interlinks different
components of renewable and non-renewable energy resources to meet household energy demand.
We believe that a well-designed nanogrid structure should have maximum utilization of renewables,
minimum utilization of non-renewables, and least cost inclusive of installation, maintenance, and
operation. However, most of the contemporary state-of-the-art focuses on reducing the static cost
of nanogrid installation and overlooks post-installation factors like daily maintenance and operational plan. Considering these factors while designing nanogrid structures has a high probability
of significantly reducing cost for efficient energy management systems. This study presents a novel
nanogrid Energy Management System (NEMS) that provides an optimal solution using recursive
particle swarm optimization (PSO). A novel objective function is designed for optimization, which
maximizes the use of renewable energy resource (i.e., PV) and introduces a strategy for energy
management plan to effectuate the overall nanogrid structure optimally. The proposed objective
function is implemented using a variant of PSO termed recursive particle swarm optimization
(rPSO). The performance of the system is evaluated using a Genetic Algorithm, BAT and AMPL
solvers. The rPSO results in minimum cost, including installation, maintenance, and operational
cost.
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2 State-of-the-art Approaches
In recent years, smart grid-based technologies have played an immense role in power distribution across globe. Their prime concern is to decrease the load from the main power grid and foster
distributed generation (DG) to meet ever-increasing energy demands. Owing to the ability to meet
the energy demands of a single building without requiring power from the main grid, nanogrid
based power distribution structures have been receiving increased popularity in recent years.
Nanogrid enriches the concept of DG by providing electricity to a limited geographical area (i.e.,
house) in a controlled manner. Broadly, the scientific community has addressed nanogrid related
issues in two dimensions: (1) Nanogrid control or hardware optimization and (2) Nano-grid’s cost
optimization.
Nanogrid control is a crucial part of nanogrid structure because it acts as the brain of
the systems. It is implemented by a nanogrid controller and ensures flexible coordination among
interlinked sources for optimal power production and consumption. The controller tracks the
records of power in two categories: (1) Supply-side management (SSM) and (2) demand-side
management (DSM). The SSM is about the sources where energy is received, for instance, grid,
wind turbines (WT) and photovoltaic modules, etc. The DSM refers to the load appliances such as
fan, oven, refrigerator, heater, etc. The behavior of both the categories fluctuates dynamically, and
their optimization has been the major concern of the scientific community. In the study [17], an
ad-hoc nano-grid has been implemented to meet the demands of the required load by transmitting
power through optimal paths. This technique deals explicitly with the scenarios wherein nanogrid
has no connectivity to the national grid. The proposed system enables a single load to wirelessly
connect with all the other nodes in the network to transmit power from the source to load. The
nodes in a network select the required path via control algorithm. The nodes improve the power
flow by choosing the transmission path having least cost. A cost function control technique is
presented in [18]. Main purpose of the technique is to decrease the payback time for a nano-grid
purchased by a consumer. This technique deals with DSM and utilizes central control to capture
nanogrid’s hardware, two-way communication, smart grid, and internet connection to implement
a rule-based control algorithm. The algorithm reduces the loads in response to the fluctuations
in prices of the national power grid. It decides to sell or use photovoltaic production according
to buy-back price of the main grid. The algorithm suggests an optimal plan for three modes: (1)
automatic response, (2) load curtailment and (3) islanding mode depending on the energy at hand,
weather condition, and grid’s buying price.
In the study [19], DSM based algorithm has been implemented to schedule the charge time of
plug-in electric vehicle (PEV) according to power demand in a prior day. This refrains the battery
to be charged during peak power consumption time. The technique results in cost optimization by
flattening the consumption curve for nanogrid, as also stated in [20]. Least Slack First (LSF) algorithm has been presented by [21]. The LSF schedules the power supply to interactive loads and
background loads. The converters manipulate voltages in nanogrid to meet the load requirements.
It enables interaction among sources of nanogrid and system bus [22]. Typically, DC to DC, AC
to DC and DC to AC converters are used in nanogrids [23]. Dual-active-bridge based bidirectional
micro-inverter has been presented in [24]. This converter uses Lithium-Ion Ultra-Capacitors (LICs)
to enhance power capacity of nanogrid by receding photovoltaic modules factor, which saves the
cost of diesel generators.
Similarly, Boost-derived hybrid converter has been proposed by [25] wherein single-phase
bi-directional bridge network is used instead of a control switch. It manages the operating of
nanogrid with both AC and DC loads by simultaneously producing AC and DC output. Similarly,

2094

CMC, 2022, vol.71, no.2

various efforts have been made for nanogrid’s converter [26]. Ban et al. [12] proposed optimal
sizing and cyber-physical Energy Management system for nanogrids to reduce cost and increase
reliability. Strnad et al. [13], and Akram et al. [14] suggested Mixed integer linear programming
(MILP) to reduce cost for optimal sizing of DG unit and battery. Ayop et al. [11] introduced an
analytical method for sizing of photovoltaic for nanogrid with the objective of increased reliability
and least loss of power supply.
The majority of the aforementioned state-of-the-art about nanogrid focuses on optimizing
hardware components of nanogrid or its installation cost. However, we argue that various other
factors must also be contemplated while designing nanogrid. For example, a plethora of literature
focuses on reducing static cost at the time of installation; however, some crucial aspects that
occur post-installation must also be considered like daily operational and maintenance plans. The
study [27] presents virtual energy storage (VES)-DSM system that ensures power supply in a nanogrid infrastructure. The VES converts thermal inertia loads into electrochemical batteries such
as appliances like refrigerators and air-conditioners. VES follows a priority-based algorithm that
controls appliances for energy management.
Another study [28] presents an energy cost reduction model for PV-based nano-grid connected
to the power grid. The model uses three configurations of the nano-grid model that are optimized via nested integer linear programming. In addition, real-time energy consumption load is
considered to meet energy demands via implementing fitness functions.
3 System Overview
This section encompasses details about the flow of methodology proposed to minimize the
nanogrid cost and optimal plan for daily operations to have maximum utilization of renewable
energy resources (i.e., solar) and least utilization of non-renewable energy resources (i.e., diesel
generator). The data set contains information about solar radiation and load demand of appliances of a house in Pakistan. Since the data set includes missing values that may cause skewness,
the data set has been pre-processed and normalized to handle the said issues. Thereafter, the data
values are given to the optimizer, which reports optimal parameters following some constraints.
An objective function is formed to decide the optimality of the parameters. The optimizer takes
solar radiation and load data as an input and produces two optimal parameters (m0 and m0) for
battery operation. These parameters and solar radiation and load demand are given as input to
the optimizer to compute the optimal cost for installing, operating, and maintaining the nanogrid.
Finally, the NEMS algorithm suggests a daily plan to operate nano-grid to ensure maximum
use of renewable energy resources (solar radiation) and minimum use of non-renewable energy
resources, as shown in Fig. 1.
3.1 Objective Function
The objective function is formed to serve two main concerns: (1) reduce total cost for
nanogrid and (2) suppression of renewable energy resources. The designed multi-objective optimization solution focuses on minimizing the said two concerns while meeting the load demands of
a residential building (i.e., house) in Pakistan. This section presents the objective function and the
proposed NEMS algorithm, which gives a daily operational plan for nano-grids. Tab. 1 illustrates
an explanation of the terms and acronyms used in the objective function.
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Figure 1: Proposed architecture diagram of optimized nano-grid energy provision solution
A formal description of the designed objective function is given below. The main goal of the
objective function is to minimize the nano-grid’s installation, maintenance and operational cost
and suppression of renewable energy resources (i.e., WT and PV), as shown in Eq. (1).
min f (C, S) = min(C overall + RES PV )

(1)

The following equation computes overall cost that includes installation cost, maintenance cost
and operational cost. These three costs are calculated at individual levels containing their modules
involving components like photovoltaic, battery etc.
COverall = Cinst + Cmain + Copr

(2)

The installation cost is computed using Eq. (3). It includes the overall capacity of photovoltaic that integrates with per unit cost of the battery and total storage system (i.e., battery)
capacity in combination with Per unit cost of the battery is computed. Finally, these computed
costs are combined to calculate the overall installation cost.
Cinst = PVcap ∗ (P.UBattery ) + Batterycap ∗ (P.UBattery )

(3)

Similarly, operational cost is computed using Eq. (4). The operational cost combines operational cost of renewable energy and operational cost of diesel generator, as shown in the equation.
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Table 1: Description of acronyms used in the proposed objective function
Symbol

Description

Symbol

Description

C
RESPV

Cost
Suppression of
renewable energy
resource (i.e., PV)
Total cost, inclusive cost
of all both the resources
(i.e., renewable and
non-renewable)
Nanogrid’s installation
cost

S
xDG , yDG , zDG

Suppression
Manufacturing constant
for diesel generator

xPV , yPV , zPV

Manufacturing constant
for photovoltaics

PVMnO

C opr

Nanogrid’s operational
cost

DGMnO

C main

Nanogrid’s maintenance
cost

BatteryMnO

PVCAP

Photovoltaics’ total
capacity

Pattained (RE)

Batterycap

Total storage system
(i.e., Battery) capacity

Prequired (RE)

P.UPV

Photovoltaics’ per unit
cost

β

P.UBattery

Per unit cost of battery

m0, m1

CDG op

Operational cost of
diesel generator
Operational cost of
renewable energy
Total cost of diesel
generator

PV overall

Management and
operational cost of
photovoltaics (in per
unit)
Management and
operational cost of
diesel generator (in per
unit)
Management and
operational cost of
energy storage system
(in per unit)
Attained value of
renewable energy
penetration
Required value of
renewable energy
penetration
Decides range for
renewable energy
penetration
Two intermediate
parameters produced by
level 1 optimizer
Total cost of
photovoltaics
Battery’s state-of-charge

C overall

C inst

C opRE
DG overall

SoC
DG outputi

Output cost of diesel
generator

CMC, 2022, vol.71, no.2

Copr = CopRE + CDGop
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(4)

The total cost of the diesel generator is calculated using Eq. (5). It adds all the outputs
produced by the diesel generators.

DGoutputi
(5)
DGoverall =
The operational cost of the diesel generator is computed using Eq. (6). It incorporates overall
cost from three different aspects. First, the total cost of diesel generator is integrated with three
manufacturing constraints for diesel generators, which is then added to compute the operational
cost.
CDGop = DGoverall ∗ (xDG ) + DGoverall ∗ (yDG ) + DGoverall 2 ∗ (zDG )

(6)

The overall cost of photovoltaic (PV) renewable energy is computed using Eq. (7). It incorporates the sum of all outputs of photovoltaics (PV).

PVoverall =
UPVoutputi
(7)
The overall operational cost of renewable energy is shown in Fig. 8. It combines all the three
manufacturing constants for photovoltaics to calculate the combined cost of renewable energy
resources.
CopRE = xPV + yPV ∗ (PVoverall ) + zPV ∗ (PVoverall 2)

(8)

Similarly, the operational cost of distributed generation (DG) is calculated using Eq. (9).
Again, it focuses on finding maximum DG output.
DGcap = max(DGoutputi )

(9)

The maintenance cost is computed using Eq. (10). It accumulates photovoltaic capacity, management and operational cost of photovoltaic, battery capacity, management and operating cost
of battery, DG capacity and management and operational cost of diesel per unit. It has some
constraints that ensure renewable energy penetration must lie within the range.
Cmain =PVcap ∗ (PVMnO )
+ Batterycap ∗ (BatteryMnO ) + DGcap ∗ (DGMnO )εPattained (RE)[Pdesired (RE)
+ β, Prequired (RE) − β)]

(10)

3.2 Nanogrid Energy Management System
The algorithm of the proposed Nanogrid energy management system (NEMS) is illustrated
in Algorithm 1. The proposed NEMS takes load value, storage capacity, solar radiation, mo and
m1 as input. As a kick-off, state-of-charge (SoC) and diesel generator (DG) is initialized to 0.5
and 25 respectively. Thereafter, output of energy storage is computed for all the data instances
by subtracting the output of photovoltaics, diesel generator from the required load. Then value
for SoC is computed by dividing the obtained value of energy storage. If SoC is more than 0.9
then storage is considered as overcharged, and minimum output for diesel generator is reduced to
20 and value of suppression count is reduced by a single unit. If SoC lies between 0.8 to 0.9 or
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between m1 or 0.8, then battery is deemed to be sufficiently charged, and DG remains same as 20.
If SoC is between m0 and m1, then battery is not charged and requires power of diesel generator
to be charged. If SoC is less than 0.1 then battery is empty, and power of diesel generator is
increased to 30. If none of the condition is met, then algorithm will return suppression energy.
On the other hand, if SoC is more than 1 or less than 0 then this is considered as an exception.
Algorithm 1: Nanogrid Energy Management System (NEMS)
Input Parameters: RESPV , PVoutput , DGoutput , SoCi , Scount , mcount
Output: min(Coverall + RESPV )
SoC ← 0.5, DGoutputi ← 25
for all instances in data set
Soutputi ← Loadi − PVoutputi − DGoutputi
SoCi = SoCi − Batteryoutputi /Batterycap
if SoCi > 0.9
PVoutputi ← PVoutputi + 1 = 0
Scount ← Scount + 1
DGoutputi + 1 ← 20
end if
if 0.8 < SoC i ≤ 0.9
mPV ← mPV + PVoutputi +1 × 0.65
PVoutputi +1 ← PVoutputi +1 × 0.35
mcount ← mcount + 1
DGoutputi + 1 ← 20
end if
if 0.1 < SoC i x0
DGoutputi ← 25
end if
if SoC i ≤ 0.1
DGoutputi ← 30
end if
end for
SoCmax ← Max(SoCi )
SoCmin ← Min(SoCi )
if SoC min < 0 OR SoCmax > 1
RESPV ← 10000000
else
RESoutput ← RESPV + mPV
3.3 Sequence-Modeling for Optimized Nanogrid
This section presents an interaction model of different components of the proposed system.
The sequence of the steps is given in Fig. 2 below. Initially, all modules are initialized. The
configuration handler loads the configuration data and receives constraints from the constraint’s
handler. The configuration having some constraints, is forwarded to the next module which is
input loader. The input loader loads the data and forward it to the pre-processor module. At
this step, normalization is performed to normalize the data and fix anomalies via interpolation.
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The data along with the configuration data is forwarded to the optimizer. The optimizer runs
PSO configuration for optimization. The results are given to the configuration handler along with
the operational plan. The operational plan finalizes the optimal plan using NEMS algorithm and
forwards the operational plan to the results viewer. The visualizer envisions the outcomes in the
form a graph.

Figure 2: Sequence diagram of the proposed model
3.4 Proposed Model Interface
This section presents details about the interface of the proposed system. The interface has
been designed using C#. Different forms have been designed to get input data, process it, and
display the results. Following is the main interface of the proposed NEMS.
The main interface has the initial data values, as illustrated in Tab. 2, and shown in Fig. 3.
These values are pre-populated ones and provide idea for the business requirements of the
nanogrid. These initial configurations may be amended as per requirements. The configuration
form may be deemed as a placeholder that holds optimal values in the context of nanogrid. This
configuration form can also act as a placeholder for optimal values. Thus, when the optimizer
runs, the optimal values replace the initial values for the proper working of the nanogrid. The
final values are saved to be employed in NEMS.
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Table 2: Configuration interface
Configuration settings
Battery
m
Installation cost of PV
O and M cost of PV
Installation cost of DG
O and M cost of DG
Installation cost of battery
O and M cost of battery
Price coefficient of DG
Price coefficient of DG

Min
Min

5
0

Max
Max
1500
2
150
5
500
3

x
x

0
1 × 10−3

y
y

0.2
0.2

z
z

30
30

4.26 × 10−3
1.6 × 10−4

Figure 3: Interface to load data
On clicking the data button, the files containing data for weather and load demand are
uploaded. In addition, the weather data includes data for solar radiation. Next, the data values
are normalized and shown in line graphs, as shown in Fig. 5. The graph represents load in kWh,
and solar radiation in per unit. After that, an optimization interface is selected, providing different
algorithms choices, rPSO being the core optimization algorithm.
The optimized values returned by the previous phase are given to the proposed NEMS
algorithm, which is shown in Tab. 3. The interface shown in Tab. 3 appears after NEMS runs by
incorporating the input values received from optimization. Tab. 3 shows comprehensive outcomes
of the proposed study enlisting values for installation and operational cost. As explained earlier,
the main focus has been given on the NEMS is to most utilization of renewable energy sources
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(i.e., PV) and least utilization of diesel generators. Therefore, the value for operational cost ensures
the high use of renewable energy sources.

Table 3: Results showing reduced cost and optimal values
Results
PV 23 kW

Battery 25 kWh m0 0.10 p.u

m1 0.13 p.u

Total generated RE
Total generated DE
Total load demand
Actual REP
Total restricted RE
Total time restricted RE
Original grid op. cost (only diesel)

25.20
5.7
25
60.5
0.5
25
400

70
68
70
140
5250
200
1403

Diesel op. cost
Renewable op. cost
Diesel op. cost
Total op. cost
Total installation cost
Total O and M cost
Total cost

4 Experiments and Analysis
Once the proposed optimization model is implemented, the next step involves its evaluation.
Before applying algorithms for evaluation, we have observed the values of generated energy to
meet the load demand. The observation is made on multiple iterations. It is evident from Fig. 4
that the model has produced energy whereof load demands are met fully in all iterations. Figs. 5
and 6 show the values of energy output and battery SoC for different iterations.
Energy generation and required load
OPTIMAL VALUES

90
75
60
45

Energy_Gen

30

R_Load

15
0
1

15 20 50 60 71 72 100 120 151 171 190 210 230 260 270 300 350

ITERATIONS

ENERGY (kWh)

Figure 4: Optimized values to meet load requirements

50

0
0

50

100

150

200

250

300

-50

ITERATIONS

Figure 5: Energy output in different iterations

350

400
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State-of-charge (SoC)

ITERATIONS
1
0.8
0.6
0.4
0.2
0
0

50

100

150

200

250

300

350

400

Figure 6: Battery SoC in different iterations
4.1 Cost and Execution Time
The proposed model has been evaluated to assess the operational cost and renewable energy
penetration. The cost is further split in terms of renewable energy costs, diesel operation costs,
total produced renewable energy, and generated diesel cost. The details are shown in Fig. 7a. It
can be seen from the figure that rPSO has produced least cost among its counterparts (i.e. PSO,
GA and BAT). The low value for cost ensures the least utilization of diesel generator. Execution
time is an essential factor that must be integrated with cost to decide optimal parameters. The
Fig. 7b shows the execution time taken by the algorithms.
(a)

(b)

Cost Comparison

Execution Time
Comparison

Cost in US$

48000
40000
32000

PSO

24000
rPSO

16000
8000
0

Execution tim in seconds(s)

56000
40

PSO
30
20

rPSO

10
0

GA
ALGORITHMS

Parameters

Figure 7: (a) Cost values produced by evaluation algorithms (b) Execution time taken by the
algorithms
Conversely, rPSO has taken more time than PSO and GA. The less time has been reported for
GA. The reported values for execution time, shown in Figure, exhibit the average consumed time
obtained via multiple runs with varied parameter settings like varying number of interactions. It is
evident from the figure that AMPL solvers have produced best result for time execution followed
by GA, rPSO, PSO, and BAT. However, there is no significant difference in the execution time of
rPSO and AMPL solvers. Considering both factors, i.e., cost and execution time, rPSO seems to
be a quite balanced approach.
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4.2 Renewable Energy Penetration
As explained earlier, one of the primary objectives of the proposed approach is to meet the
load demand of utility grids from renewable energy resources. In an ideal scenario, renewable
energy penetration should be more than the required load. However, the performance of PV
depends on the weather. Therefore, the optimal plan for nanogrid should be capable of meeting the load from renewable energy penetration most of the time. Maximum renewable energy
penetration can be acquired by minimizing the utilization of diesel generator and maximizing
utilization of PV, keeping the projected load static. The performance of renewable energy penetration is evaluated using two additional solvers IPOPT and CPLEX, as these are deemed best
to address optimization problem. The obtained values are shown in Fig. 8a. IPOT and CPLEX
solvers performed best among other evaluation measures, followed by GA and PSO at the end.
The proposed rPSO performed better than PSO and GA and minor; therefore, it is the best
solution among traditional methods. The least amount of time has been consumed by CPLEX,
Minos, IPOPT followed by PSO and GA. Most of the time is consumed by rPSO. Like the
execution time considered for the cost (as shown in Fig. 8b), rPSO has taken most of the time.
However, considering the collective contribution of energy production and execution time, rPSO
can be deemed an ideal approach. We have evaluated the performance of the proposed NEMS by
considering all the possible aspects. The overall outcomes consider the rPSO as an ideal solution
to reduce nanogrid total cost inclusive cost required for installation, maintenance, and operation.
Energy (kWh)

(b)
Time in seconds

Energy in kWh

(a)
30
25
20
15
10
5
0

Algorithms

Time in Seconds

30
25
20
15
10
5
0

Algorithms

Figure 8: (a) Renewable energy penetration (b) Execution times comparison
5 Conclusion
Due to several inherited advantages, nanogrids have become a major source of electricity
for energy consumers across the globe. In most nanogrid infrastructures, hybrid renewable energy
systems (HRES) are implemented wherein renewable and non-renewable energy resources are
harnessed collectively to meet the energy requirements. Based on critical analysis, we have identified that existing literature on nanogrid overlooks various vital factors while providing optimal
solutions for nanogrid’s cost. In this study, we have addressed the identified issues and introduced
a novel Nanogrid Energy Management System (NEMS), which has maximum utilization of
renewable energy sources and minimum utilization of non-renewable energy sources along with a
daily operational plan in a cost-efficient manner. We have designed a novel objective function and
implemented it using recursive particle swarm optimization (rPSO). The system has been evaluated
using BAT, GA and AMPL solvers. The outcomes of the proposed study resulted in minimum
overall cost value for nanogrid and intelligent daily operational plan.
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