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Abstract: Nowadays, the Internet of Things (IoT) has a wide impact on many potential applications.
The impact of IoT on performing demand-side management (DSM) in an Indian educational institu-
tion has not been researched in depth before. In this research work, an IoT-enabled SDSMS (Smart
DSM System) has been deployed with the main objective of minimizing electricity tariff and also
to tweak the quality of user comfort. It can be feasible by prioritizing available renewable PV solar
energy during peak hours in an Indian educational institution. DSM has been performed using
day-ahead load shifting and rescheduling the different classes of institutional loads by applying
hybrid BPSOGSA (Binary Particle Swarm Optimization and Gravitational Search Algorithm). The
BPSOGSA performance on DSM has been evaluated based on electricity tariff, peak demand range,
and PAR and compared with the outcomes of both binary conventional algorithms BPSO and BGSA,
respectively. The proposed method enhances the degree of user comfort (DUC) by tripping the
operation of non-critical institutional loads. Simulation results obtained using MATLAB corroborate
that BPSOGSA outperforms both BPSO and BGSA under both DSM scenarios. Before DSM, Peak
demand, PAR, and Electricity tariffs were found to be 1855.47 kW, 4.1286, and $2030.67 while after
DSM, they reduced to 1502.24 kW, 3.263, and $1314.40 respectively. This indicates a 35.273% reduction
in electricity tariff, a 19.037% scale down in peak demand, and a 20.97% reduction in PAR. Finally, the
real-time IoT-based SDSMS hardware is implemented at the Renewable energy laboratory for real
monitoring of energy consumption via the Blynk application.

Keywords: DSM; BGSA; BPSO; smart grid; load categorizing; DUC; load shifting; Internet of Things

1. Introduction

The growing energy demand, the environmental pollution, and the attractive re-
newable policies lead consumers to adopt renewable energy sources. The emission of
greenhouse gases is reduced by prioritizing the utilization of available renewable resource
energies rather an the utility grid. Even though the reduction in the emission of green-
house gases is a major advantage, the interruption of Distributed Generations (DGs) makes
the reliability of the grid vulnerable. In the Smart Grid context, DSM technique is ex-
tremely promising technique to make the grid stable and dependable, limit consumer
energy usage and decrease power generation. The schematic approach of DSM evolves
around DR Demand Response programs, energy efficiency programs, and of all energy
conservation programs.

It is essential for the DSM framework to have the quality of mitigating certain crite-
ria such as electricity cost minimization, user comfort maximization, and peak demand
reduction. This can be achieved using various optimization algorithms. The literature
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section discusses different optimization algorithms that have been used to implement DSM.
Various optimization algorithms such as CS, GWO, PSO, SA, HS, DEA, ACO and GA
have been employed. All bio-inspired algorithms have their advantages and limitations.
The primitive goal of proposing hybrid forms of algorithms is to achieve better and most
promising results by combining appropriate conventional algorithms. BPSOGSA is a pro-
posed hybrid algorithm proposed which is calibrated as both BPSO and GSA for better
outcomes. The algorithm offers a decent improvement in the resolution of the intended
purpose to minimize electricity costs. The search process in the hybrid BPSOGSA algorithm
is supported by agents that replicate the characteristics of BGSA in the research phase and
BPSO in the utilization phase. The ultimate aim of hybridizing efficient GSA and PSO is
to incorporate the rationale of PSO and the exploration of GSA. Followed by that, distin-
guished performance of optimization algorithms entirely relies on the tuning algorithm
with respect to the system. Generally, it can be achieved by adopting various upgrad-
ing methods such as changing the search space, modifying convergence parameters, and
lastly, hybridizing the individual algorithms. From the mentioned means of improvisation,
hybridizing strengths of individual algorithms results in better performance.

In this extensive study, the hybrid BPSOGSA algorithm is employed in shifting
and scheduling the institutional loads, which are classified into two classes, namely, SLs
(Shiftable Loads) and NSLs (Non-Shiftable Loads). The hybrid BPSOGSA algorithm op-
timizes the operating period of each type of load by shifting the load to a period with a
lower electricity price. An integrated model that schedules loads using the traditional
Ant Colony Optimization (ACO) methodology to minimize overall journey length and
unpredictable demand has been used to estimate delivery routes and truck loads [1]. Four
heuristic-based strategies for optimum DG location and sizing were proposed by using
GSA, PSO, CSA, and GA based on loss minimization criteria [2]. A path for planning
and navigation has emerged using GSA, PSO, and Simulated Annealing (SA) algorithms
involving autonomous mobile robots [3]. A unique methodology by combining PSO with
adaptive GSA for improving FACTS devices to ensure voltage stability in power transmis-
sion networks has been established [4]. A unique GSA (Gravitational Search Algorithm)
has been evaluated as it is useful in multiple objective problems [5].

In a smart grid, a heuristic search-type controller for energy management has been
suggested for the implementation of DSM [6]. Their work examines five different heuristic
algorithms, including GA, BFOA, WDO, BPSO, BFOA strategy, and concluded with a
suggested hybrid genetic wind-driven (GWD) approach. A familiar Supply Chain Man-
agement (SCM) model Vendor Managed Inventory (VMI) model made of a PSO-based
algorithm has been developed to find the near optimum [7]. In [7], for defuzzification, the
centroid defuzzification method has been used to discover ideal retailer order amounts
to minimize overall inventory and transportation costs. A control scheme called PS-GSA
has been developed for a double induction wind turbine generator by means of Fuzzy’s
sliding mode control [8]. A hybrid PSOGSA-based model has been developed to analyze
High-Dimensional (HD) data to provide the solution to the convergence problem [9].

A Binary Grey Wolf Optimisation Algorithm (BGWO)-based DSM has been developed
to solve the non-linear objective of cost minimization, concerning the electricity tariff of a
real-time residential load [10]. Their paper proposes strategic shifting and scheduling of
the residential loads optimally deploying the swarm intelligence-based BGWO algorithm.
A reinforced DSM approach involving enhanced BGWO has been designed and developed
to schedule pre-categorized classes of loads in an educational institution with an aim of
deducing peak demand and thereby indirectly minimizing the electricity tariff [11]. A
DSM technique based on the PSO algorithm has been developed to diminish the electricity
price and schedule different loads in residential, commercial, and industrial areas [12]. A
multi-objective stochastic optimization algorithm for scheduling both reserves and energy
by allowing simultaneous participation of loads with large wind energy penetration has
been proposed [13]. A combination of both the heuristic and randomization algorithms
considering both electricity cost and user convenience changes the non-convex method into



Energies 2023, 16, 1403 3 of 24

a convex method [14]. For distributed generation sources, a two-stage optimal scheduler
has been formulated [15] and it employs MILP to deduce the bi-objective problem of
minimizing net annualized cost TAC and net emission TAE to a single-objective problem.
The BPSOGSA algorithm has been utilized in optimally scheduling the available hybrid
renewable energy resources for minimizing LCOE and also the probability of power supply
failure [16].

The clustering problem has been solved by hybridizing GSA with one of the promising
heuristic methods, which is done to improve results gained from GSA [17]. In [18], the
convergence speed of GSA is improved by employing position-based learning GSA. In [19],
the convergence of GSA is improved by a modified Immune Gravitation Optimization
Algorithm (IGOA). The combined quality of both social thinking and individual thinking
of PSO is inherited in hybrid PSOGSA which continues the capability of problem solving
as GSA aids in parameter identification of hydraulic turbine governing systems [20].

In [21], an algorithm GSA was developed by adopting the concepts of Newton’s
laws of motion and gravity that form interaction among the search agents [21]. Similarly,
the binary version of GSA, namely, BGSA (Binary Gravitational Search Algorithm) was
suggested [22]. A DBHS algorithm is developed utilizing pitch variation problems [23].
Whereas, harmony search and pitch adjustments deployed in MBDE have been proposed
to solve distinct optimization problems [24]. The discrete binary version of PSO has been
developed to deal with discrete space [25] while hybrid binary version of PSOGSA, known
as BPSOGSA, has been developed to achieve a better performance with a regard of both
exploitation and exploration utilizing positive aspects of both PSO and GSA [26]. A hybrid
PSOGSA algorithm suggested to train feedforward neural networks for solving a local
convergence problem [27].

A fully distributed and interactive learning approach has been proposed for integrated
charging regulators of electric vehicles, to regulate three socio-technical aspects: depend-
ability, discomfort, and fairness [28]. The daily load profiles of residential loads have
been assessed by incorporating clustering k-means and self-organizing map algorithms
and taking into account the social traits and lifestyles of real-time communities [29]. An
IoT-based DSM is proposed using hardware to dynamically optimize the load pattern in
actual commercial buildings [30]. The smart socket was designed in real time using the
mobile Blynk application for remote monitoring of Power and connected loads manage-
ment [31]. The socket may be accessed remotely over wireless media. This can be further
upgraded by introducing WPC (wireless power communication) for ensuring effective and
efficient communication to facilitate user end [32]. Three modes of communication among
various access points, co-located power station, and wireless user enhances reliable and
fastest means of interaction [33]. For accelerating and promoting user preferences, using an
IoT-enabled recommended system is promising [34]. Following this, introducing remote
monitoring and control options for data physical fusion technology is essential. Mobile IoT
interlinked with appropriate applications paves the way for betterment in performance
and also adds research significance [35]. In this case, investigating the smart grid without
creating an adverse impact on resiliency and efficiency is the requirement. Hence, IoT and
cloud-based detection systems were found to be feasible with integrated AI approaches [36].
All that is necessary for AI is the quality of data for processing. The real-time data retrieved
are stored in the cloud/local storage and undergo AI treatment based on the nature of
labeling data [37]. The data involved in the Smart grid are of various parameters addressing
power quality, operating status, fault detection, and resulting optimal solutions [38].

1.1. Research Gap

From the literature review conducted so far, it can be stated that optimization algo-
rithms were used for different nonlinear problems, in different domains to solve various
real-time optimization objectives. Among the previous works, the DSM approaches and
techniques were hardly deployed using a real-time educational load profile. This research
offers a unique BPSOGSA hybrid optimization algorithm-based demand-side management
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for KCET—Kamaraj College of Engineering and Technology, an academic higher education
institution situated in Southern India.

KCET’s infrastructure spans 47.92 acres of land and is scheduled to work from morning
9:00:00 to evening 16:00:00. The institution offers 16 undergraduate and postgraduate
programs with 58 highly equipped laboratories of the latest machinery. KCET has a
maximum demand of 1000 kVA and is facilitated by a 32 kW solar PV system with battery
storage and converter system along with three diesel generator sets, one DG of 500 kVA,
and the rest two of 250 kVA. These spacial and temporal factors make the load profile of
educational institutions differ from one another. On the whole, the consumption trend of
any institutional building completely relies on their working time, the nature of load types
used, and the shifting of load operating patterns. The placement of DSM techniques and
approaches in educational institutions helps in minimizing the electricity consumption
price considerably.

Thus, the multi-objective SDSM system proposed in KCET for reconciling and high-
lighting following objectives

• Minimize the cost involved in electricity consumption;
• Categorize a wide range of loads for allocating suitable time of operation;
• Accountable reduction in PAR and peak demand;
• To shift and schedule load optimally by considering all the possible constraints;
• Addressing user comfort index (UCI)-based optimization.

1.2. Contributions

The following contributions to the effective implementation of DSM in KCET, an
Indian educational institution, have been proposed:

• Internet of Things (IoT)-enabled Smart Demand-Side Management System (SDSMS)
has been implemented in real time for energy monitoring and connects the solar power
line for the laboratory loads during peak periods;

• The load classification of KCET was obtained based on load shifting with and with-
out interruption;

• The institutional load profile is optimally scheduled by applying the hybrid BPSOGSA
algorithm using MATLAB software;

• The load profile of KCET is shifted and scheduled a day ahead effectively to improve
the degree of user comfort by utilizing the renewable energy (RE) solar source set up
at the institution;

• Next, the real-time hardware implementation of SDSMS was applied to increase the
degree of user comfort (DUC) during the peak hours powered by the Solar PV (SPV)
resource, and all the determining real-time electrical parameters are monitored with
the aid of the Blynk application.

1.3. Novelty of Proposed Work

In this research work, an IoT-based smart demand-side management system is devel-
oped using a hybrid BPSOGSA algorithm to achieve the main goal of lowering the cost
involved in electricity consumption. It can be made possible by optimally scheduling the
different classes of institutional loads considering the operational constraints associated
with each class of load. The outcomes of the hybrid BPSOGSA algorithm highlight its
performance over other two algorithms—BPSO and BGSA—in electricity tariff reduction,
avoiding reach of peak demand, and maintaining PAR. Additionally, the statistical per-
formance of all the three algorithms BPSOGSA, BPSO, and BGSA, has been determined
using statistical tests. Holm, Hommel, and Holland tests are considered for this study.
Next, the degree of user comfort has been improved by utilizing the solar PV generation
located at the institution. Finally, real-time hardware implementation of SDSMS has been
deployed at the Renewable Energy lab to improve the degree of user comfort, and the
electrical parameters obtained are continuously monitored using the Blynk application.
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The paper is organized as follows: The methodology adopted is interpreted in Section 2.
Optimization algorithms are outlined in Section 3. The BPSOGSA algorithm is formulated
in Section 4, while Section 5 emphases on results and discussions. Section 6 concludes the
work with key findings.

2. Proposed Methodology

The hybrid BPSOGSA algorithm is utilized to shift and schedule the two categories of
loads classified as Amenable Loads (ALs) and Unamenable Loads (NDLs). Factors such
as operating period, starting time, and ending time of each load type are used to divide
institutional load data into two classes.

2.1. Design and Development Architecture of SDSMS

The proposed IoT-enabled SDMS is implemented in real time at Renewable Energy
laboratory of KCET-Kamaraj College of Engineering and Technology. The deployed real-
time power monitor switches the power line either from institutional or solar power.
Figure 1 shows the overall implementation of various loads with SDSMS.

Figure 1. Overall implementation of various loads with SDSMS.

The IoT-based Smart Demand-Side Management System (SDSMS) contains a mi-
crocontroller, A.C power measuring module, and relay unit. It successfully reduces the
energy consumption cost by supplying solar power to the loads during peak hours (9 a.m.
to 12 p.m.) and monitors the electrical parameters of the load. These operations are re-
motely monitored, validated, and controlled via the Blynk application through open-source
TCP/IP protocol. To access the consumers, the electrical parameters are accurately mea-
sured and updated with universal timestamps in the cloud server. A power quality analyzer
(PQA) is employed to compare the phase voltages and currents obtained from the proposed
IoT-based SDMS.
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2.2. Classification of KCET Loads

The loads can further be classified based on the functioning of loads as Interruptible
and Non-Interruptible loads, as shown in Figure 2. The Amenable loads (AL) have both
Interruptible Amenable loads (IALs) and Non-Interruptible Amenable loads (NIALs).

Figure 2. Classification of KCET loads.

Similarly, the Unamenable (UAL) loads are classified into Interruptible Unamenable
Loads (IUALs) and Non-Interruptible Unamenable Loads (NIUALs). These loads are
shifted and scheduled optimally using the hybrid BPSOGSA algorithm.

2.2.1. Amenable Loads

The loads which have a higher likelihood of shifting and controlling as per the user’s
comfort within its time of operation are categorized under this category. These schedulable
loads have freedom to shift during peak hours for reducing energy consumption in that
specific period and electricity tariff considerably. The loads of this type are further classified
as IALs and NIALs.

Interruptible Amenable Loads (IALs)

The category of loads which can be both shiftable and schedulable can be operated
in its period of usage are classified into Interruptible Amenable loads (IALs). These loads
are operated on an intermittent basis within the period of start and completion of the
loading process, which corresponds to its duration. Load types such as electric vehicles,
pumps, and compressors are classified under this type of load. The period of operation
of these load types can be interrupted according to the user’s preferences and also with
device performance.

Let A be the set of interruptible amenable loads given by A = {A1, A2, . . . , An}. The
scheduling vector denotes the Turn ON/Turn OFF status of an IAL in each interval (i = [1,
2, . . . , t] ∀i ε I) is depicted as in (1):

ξa =
(
ξ1

a , ξ2
a , . . . . . . .., ξ i

a, . . . ., ξt
a
]
∀ a ∈ A (1)

where na is the interruptible amenable loads, i.e., cardinality of A. These Interruptible loads
are operated discontinuously without violating total duration of this load operation with
discrete starting and ending time. The operating status of an IAL load ‘a’ in a time interval
i is given in Equation (2)

ξ i
a =

{
1, STa ≤ i ≤ ETa and Ni

a ≤ Da and [STa; ETa]
0, i < STa and i > ETa

= Da (2)

where STa = starting time of load ‘a’,
ETa = ending time of load ‘a’,
[STa;ETa] = discontinuous operating period from starting time to ending time,
Na

i = load ‘a’ operating hours up to ith time period,
Da = operating period of load ‘a’ (in total number of hours).
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Non-Interruptible Amenable Loads (NIALs)

This type of load is shiftable but only can be switched for continuous operation in the
specified time slot finds place under Non-Interruptible Amenable loads (NIALs). These
loads are continually operated at their time of commencement and stops within the time to
meet their load operation duration. The operation status of these non-interruptible loads
is monitored and recorded to schedule the institutional loads optimally. The continuous
operation is assumed in these types of loads.

Let B be the set of non-interruptible amenable loads given by B = {B1, B2, . . . , Bn}.
The scheduling vector indicates the Turn ON/Turn OFF status of an NIAL in every interval
(i = [1, 2, . . . , t] ∀i ε I) is stated as in Equation (3):

ξb =
(
ξ1

b , ξ2
b , . . . . . . .., ξ i

b, . . . ., ξt
b
]
∀ b ∈ B (3)

where nb is non-interruptible amenable loads, i.e., cardinality of B. These Interruptible
loads are operated continuously without violating the total duration of this load operation
with specific starting and ending time. The NIAL load ‘b’ nature in the ith time period is
given by Equation (4):

ξ i
b =

{
1, STb ≤ i ≤ ETb and Ni

b ≤ Db and [STb; ETb]
0, i < STb and i > ETb

= Db (4)

where STb = Load ‘b’ starting time
ETb = Load ‘b’ ending time
[STb;ETb] = discontinuous operating period from starting time to ending time
Nb

i = load ‘b’ operating hours up to the ith time period
Db = load ‘b’ total number of operating hours.

2.2.2. Unamenable Loads (UALs)

The loads which are non-feasible for scheduling and controlling and can be operated
with respect to time are modeled under this category. Those loads are non-shiftable, critical,
and primary loads to satisfy the user’s comfort.

Interruptible Unamenable Loads (IUALs)

The temperature-dependent loads which have a high consumption range in operating
mode whilst demanding low power in standby mode are categorized under IUALs. The
temperature-controlled loads may be heating or cooling loads. The cooling type of load
air conditioners (ACs) is modeled with respect to a frequency of Turn ON/Turn OFF
cycle. In short, the hourly operating frequency of the cycle is accounted for by the quality
characteristics of the device. Typical cooling load (air conditioner) considered in this paper
switched Turn ON/Turn OFF at a frequency of once in every 15 min. Thus, normal hourly
operating frequency of cycle for cooling load is 4, which consumes power above or below
this limit during device malfunctions or. For an INAL c, the status of operating c in the
interval i is explained as in Equation (5)

ξ i
c =

{
1, i f Tc

set > (Tc
set + Tc

tot); ( f i
c = 4)

0, i f (T(i)c
act < Tc

set); ( f i
c > 4)||( f i

c < 4)ξ(i−1)
c , i f Tc

set ≤ T(i)c
act ≤ (Tc

set + Tc
tot)

(5)

where Tc
set = set point temperature

Tc
tol = permissible tolerance limit

f i
c = operation frequency of cycle during the ith interval

T(i− 1)c
act = actual ambient temperature by the (i − 1) interval end.

Non-Interruptible Unamenable Loads (NIUALs)

These loads rely entirely on the user’s choice of switching Turn ON/Turn OFF in a
day. The operating pattern on an hourly basis ensures and prevents the probable reach
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of sanctioned maximum hourly demand. The load types such as ceiling fans, tube lights,
chargers, elevators, LAN communication, and DC fans are classified in NIUALs. The status
of these load types is monitored using a separate status controller and the Maximum Power
Load Limit (MPLL) is maintained.

2.3. Design of IoT-Based SDSMS

The SDSMS illustrated in Figure 3 has a sensor module called PZEM-004T linked with
a power supply and an ESP8266 Wi-Fi module that provides details on voltage, power
factor, actual power, current, and reactive power data. A relay is developed to change the
power supply to the user’s convenience load from the institutional power line or solar
power source. The low-cost ESP8266 is a Wi-Fi microchip accompanied with full TCP/IP
(TCP/IP) stack enhanced with functionality of a microcontroller. This module establishes
connectivity with a Wi-Fi network for microcontrollers and easy connections to TCP/IP.
The Wi-Fi in turn delivers data to the authorized consumer over a hot spot for sharing
system time-series data on the cloud server (Message Queuing Telemetry Transportation
MQTT) via Blynk application.

Figure 3. Illustration of the Smart Demand-Side Management System (SDSMS).

In addition, it estimates energy usage and costs so that the user may read the report
from anywhere, the report is then sent to the Blynk application. This SDSMS implements
the demand side management idea which reduces demand overall and restores the demand
profile of the institution. In addition, it boosts the sustainability of the grid by reducing total
costs and carbon emissions. The Blynk application offers a great opportunity to receive
power measurements and cumulative information over a week or month according to
customer requirements at that exact moment in time.

3. Optimization Algorithms

This section details the three optimization algorithms—BPSO Binary Particle Swarm
Optimization Algorithm, GSA Gravitational Search Algorithm, and BPSOGSA Binary
Particle Swarm Optimization—Gravitational Search Algorithm which are nature-inspired
swarm intelligent algorithms. BPSOGSA is a hybrid optimization algorithm.

3.1. Binary Particle Swarm Optimization Algorithm (BPSO)

PSO is a swarm-based optimizer that strives for a rational solution by encoding
the fundamental characteristics to interact amongst participants. The particles are first
dispersed at random in the solution space, and gradually they start to move around in
search of the ideal match for the given optimization problem.
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The position vector of PSO is given by Equation (6)

XA =
(

x1
A, . . . . xd

A

)
, A = 1, 2, . . . , N (6)

where N = number of search agents, d = dimension of the problem, xd
A = Ath agent position

in the dth dimension. The agent A’s velocity vector is given by Equation (7)

VA =
(

v1
A, . . . . vd

A

)
, A = 1, 2, . . . , N (7)

Particle movement in the search space is permitted until the maximum possible
repetition or the convergence criteria are met. The social and individual thinking capability
of the PSO helps in finding the global best solution. The swarming technology with
continuous values is adopted to solve the PSO’s discrete version.

BPSO algorithm proposed by Kennedy and Eberhart [25] handle discrete optimization
problems. The swarming technology with discrete values as decision variables to solve the
optimization problem is employed in BPSO.

The fundamental equation to update particle ‘A’ velocity is in (8) as follows:

VA = VA + R(pA − XA) + R(gA − XA) (8)

where VA, XA, pA, and gA are the determining factors of particle, ‘A’ such as position,
velocity, global best and local best position, respectively and R be the generated random
positive number within the interval [0, 1].

VA ≤ Vmax (9)

The particle ‘A’ velocity (VA) is always less than its maximum velocity (Vmax) in (9).
The change in particle position is defined by the following rule (10):

i f rand < S(VA) then XA = 1 else XA = 0 (10)

where the sigmoidal activation function is represented as S(VA) and the chosen quasi-
random number as ‘rand’ from a uniform distribution [0, 1]. The following Equation (11)
describes the updating of particle position:

XA = XA + VA (11)

The scheduling vector of BPSO algorithm for each load type is a [1× 24] vector in (12):

SBPSO = (s1 s2 s3 s4 . . . . . . . . . . . . . . . . . . . . . . . . s24 ] (12)

where SBPSO is the scheduling vector and each variable si is either 0 (OFF) or 1 (ON).

3.2. Gravitational Search Algorithm (GSA)

The gravitational force on agent A from agent B at a particular iteration t is expressed
as follows in (13):

Fd
AB (t) = G(t)

MpA(t) ∗ MaB(t)
RAB(t) + α

(Xd
B(t)− Xd

A(t)) (13)

where MpA is the passive gravitational mass related to agent A, MaB is the active gravita-
tional mass related to agent B, G(t) is gravitational constant at iteration t, α is a constant,
XA is the position of agent A, XB is the position of agent B and RAB(t) is assumed as the
Euclidian gap between agents A and B.
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The gravitational constant and the Euclidian gap between agents A and B are deter-
mined as in (14) and (15) as follows:

G(t) = G0 × exp
(
−α ∗ t

maxiter

)
(14)

RAB (t) = ‖XA(t) , XB(t)‖2 (15)

where ∝ is the descending coefficient, G0 indicates the initial gravitational constant, t is the
current iteration, and maxiter shows the maximum limit of iterations.

The total force striking on agent A in a dimension d given by (16):

Fd
A(t) = ∑N

B=1,B 6=A randBFd
AB(t) (16)

where randB is taken as a random number between [0, 1].
The acceleration of agent A at iteration t as (17):

ad
A(t) =

Fd
A(t)

MAA(t)
(17)

where MAA is the inertial mass of the Ath agent.
The velocity and position update equations for agent A are given as shown in (18) and (19):

Vd
A(t + 1) = randA × Vd

A(t) + ad
A(t) (18)

Xd
A(t + 1) = Xd

A(t) + Vd
A(t + 1) (19)

where randA is a number randomly generated between [0 ,1], XA(t) is the position of agent
A during iteration t, and VA(t) is the velocity of agent A during iteration t.

The GSA mass movement is estimated based on its fitness weights. Reaching the best
global optimum is difficult for GSA due to the slower movement of heavy mass particles.
The scheduling vector of BGSA algorithm for each load type is a [1 × 24] vector as in (20):

SBGSA = (s1 s2 s3 s4 . . . . . . . . . . . . . . . . . . . . . . . . s24 ] (20)

where SBGSA is the scheduling vector and each variable si is either 0 (OFF) or 1 (ON).

3.3. Hybrid Binary Particle Swarm Optimization—Gravitational Search Algorithm (BPSOGSA)

The hybrid BPSOGSA optimization algorithm proposed by Mirijalili, Wang, and
Coelho [26] combines the social and individual thinking gbest of PSO and the exploration
capability of the Gravitational Search Algorithm. GSA suffers from sluggish operations
and deteriorates in end iteration and the best solution is used by PSO. The masses with
improved fitness values are heavy objects and they converge slowly. Thus, in the final
step, the masses with almost the same weights gather around the promising solutions.
This finally results in the slow movement of the masses toward the best solution. This
behavior of GSA may result in local optimal value rather than the global optimal value.
This drawback of GSA and a similar Binary Gravitational Search Algorithm (BGSA) is
solved by including the optimal solution by guiding the heavy masses on their way to the
global optimal value. Equation (21) combines both PSO and GSA:

VA(t + 1) = rand ∗ VA(t) + c
′
1 ∗ acA(t) + c

′
2 ∗ (gbest− XA(t)) (21)

where c
′
1 and c

′
2 are accelerating factors, acA(t) is the acceleration of agent A in iteration t,

rand is generated random number using uniform distribution in the interval [0 ,1], gbest is
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the optimal solution, XA(t) is the position of agent A in iteration t, and VA(t) is the velocity
of agent A in iteration t.

The position of agents is modified in each iteration using Equation (22):

XA(t + 1) = XA(t) + VA(t + 1) (22)

The transfer function must be limited between [0 ,1] and increase as velocity increases.
The transfer function is depicted in Equation (23) for relating the velocities of agents with
the probabilities of change in their respective positions:

S
(

Vd
A,B(t)

)
= |
(

tanh
(

Vd
A,B(t)

)∣∣∣ (23)

After calculating the respective probabilities of agents, their position is updated using
the below Equation (24):

I f rand < S
(

Vd
A,B(t + 1)

)
then Xd

A,B(t + 1) = complement
(

Xd
A,B(t)

)
else Xd

A,B(t + 1) = Xd
A,B(t)

(24)

In the gbest variable based on PSO optimisation, the best solution achieved up to now
has been stored. The sluggish operation and degeneration of GSA are addressed by the
optimum solution. The inclusion of gbest to the speed matrix has hampered the exploration
stage as it adds itself to the speed update as a permanent feature. In order to resolve this, a
varied adaptive approach is applied. The variables c

′
1 and c

′
2 detailed in Equations (25) and

(26), respectively, are adaptively decreased or increased, in order that the masses accelerate
toward the optimal solution.

c
′
1 = −2

t3

T3 + 2 (25)

c
′
2 = 2

t3

T3 + 2 (26)

where t is the current iteration and T is the upper limit of iterations.
The scheduling vector of the BPSOGSA algorithm for each load model is a [1 × 24]

matrix vector as in (27):

SBPSOGSA = (s1 s2 s3 s4 . . . . . . . . . . . . . . . . . . . . . . . . s24 ] (27)

where SBPSOGSA is the scheduling vector and each variable si is either 0 (OFF) or 1 (ON).
This adaptive technique is one of the finest ways to permit the transition of an al-

gorithm from the exploration to exploitation stages, given the two phases do not have a
distinct limit. The hybrid BPSOGSA optimization algorithm outperforms BPSO and GSA
by escalating the movement of heavy masses of GSA to reach the global optimum.

4. Formulation of Binary Particle Swarm Optimization—Gravitational Search
Algorithm (Bpsogsa) Based Demand Side Management (DSM)

The classified load is deployed in the proposed BPSOGSA-DSM for scheduling the
loads a day ahead optimally. In BPSO, the fitness value updates the gbest value using
Equation (11) and in GSA it updates the G value using Equation (14). After updating these
values for each agent, the forces and acceleration are determined. The velocity and position
values are determined and updated until the stop criterion is met. Finally, the gbest value
is returned as the optimal result, using which, the particle’s position is determined. The
number of particles is the number of load types considered. The flow diagram of the
proposed methodology is detailed in Figure 4.

The hybrid BPSOGSA algorithm helps the heavier masses of GSA which become
linked at the local optimum and finds it difficult to move towards the global optimum
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by finding the gbest value. The gbest value of BPSO pushes the heavier masses of GSA
to end in global optimum. The institutional load data are classified and the particles
are randomly initialized using BPSO. The agents that support positioning the particles
and the movement of masses in GSA are initialized. The fitness values of the proposed
objective function are determined and the acceleration, forces, velocity, position, and M
values are calculated and updated for the particles of KCET load types considered. The
gbest and G values of the BPSOGSA assist in shifting and re-scheduling the load types
optimally by varying the position of the particles to attain the main objective of electricity
tariff minimization portrayed in Figure 5 and Figure 6, respectively. The hybrid BPSOGSA
algorithm incorporates the strengths of GSA and BPSO. It pushes the heavy masses of GSA
from the local optimum to the global optimum.

Figure 4. Flow diagram of the proposed methodology.

Figure 5. Flowchart of BPSOGSA.
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Figure 6. Pseudocode of BPSOGSA.

4.1. Objective Function

A primary objective using the proposed BPSOGSA-DSM strategy is to attain a minimal
consumption cost, which allows the institution to optimally shift and schedule loads to
recognize user comfort as well. Due to dynamic changes in pricing and power demands,
the objective function is formulated as a non-linear function and is given in Equation (28):

Min : Cost = ∑24
j=1 ∑n

p=1 Sj
p ∗ PDp ∗ Ratej (28)

where cost represents the overall electricity cost consumption, j represents 24 h of a day,
n is the type of loads, p is the index for load type, Sj

p= situation of ‘p’ load at jth hour of
operation (‘1’ as ‘ON’, ‘0’ as ‘OFF’), PDp = Power demand of pth load, Ratej = electricity
price at the jth period of operation.

4.2. Constraints
4.2.1. Operating Hours of Appliances

The operating hours of all appliances are carefully considered and they are given in
Equation (29).

subject to ∑24
j=1 ∑n

p=1 Sj
1p = Dp (29)

where Dp is operating hours of the ‘p’ load type.

4.2.2. Total Demand

The next important constraint is total demand, which in a day should be equal to
before and after what place on the 7-demand side management (DSM). It is given in
Equation (30).

subject to ∑24
j=1 ∑n

p=1 Dj
1p = ∑24

j=1 ∑n
p=1 Dj

2p (30)

where Dj
1p is the power demand before DSM for the pth load at the jth hour, Dj

2p is the
power demand after DSM for the pth load at the jth hour.

4.2.3. Instantaneous Demand

The instantaneous demand should be equal to the maximum power demand always.
Equation (31) satisfies this constraint.

PDj ≤ PDmax ∀ j ∈ (1, 24] (31)

where PDj is jth hour power demand, PDmax is maximum demand sanctioned.

4.2.4. Idle Devices

The idle constraint, which is given in Equation (32), is that some appliances remain
unused or consume no power except during the operating hours.

St
p = 0 ∀ t < ST, t > ET and t ε (1, 24] , p ε (1, n] (32)
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St
p = ON (1) or OFF (0) status of pth load at the tth hour. The Start and End Time are

mentioned as ST and ET, respectively.

5. Results and Discussion

The considered test system consists of institutional loads at KCET that have a specific
operational pattern. By utilizing BPSO, BGSA, and the hybrid BPSOGSA algorithms,
the objective function given in Equation (28) is achieved by implementing DSM in the
considered institutional loads using MATLAB as discussed in Section 5.1. Next, the degree
of user comfort was enhanced by studying unchanged hours of operation for all load type
using the hybrid BPSOGSA algorithm, which was discussed in Section 5.2. Finally, the real-
time hardware implementation of the IoT-based Smart Demand Side Management System
(SDSMS) for the Renewable Energy laboratory loads in KCET is detailed in Section 5.3.

5.1. Demand before and after Deploying the Hybrid BPSOGSA-DSM

Every day, 9:00 to 16:00 are the working hours of the considered institute KCET, in
which 9:00 to 14:00 are considered to be peak hours and before 8:00 and after 15:00 are
considered to be the off-peak hours. The contribution of the proposed implementation
system is to carry out DSM by moving the possible loads from peak to off-peak hours and
reduce peak demand to a maximum level. Figure 7 shows the real-time hourly electricity
price, the operating hours are categorized as off-peak, medium, and peak hours based on
the power prices in real-time. The price reaches its peak at 10:00 to $27.35/kWh and the
lowest price is at 4:00 at $8.1/kWh. Thus, 9:00 a.m. to 14:00 is grouped as peak hour pricing,
5:00 to 8:00 and 14:00 to 19:00 are grouped as medium pricing hours, and 20:00 to 04:00 is
grouped as off-peak pricing hours. The electricity tariff at 10:00 is realized as $27.35/kWh,
which is noted as the highest electricity pricing and thus, the proposed algorithm shifts the
major quantum of loads from 10:00 to off-peak hours. The lowest pricing is $8.1/kWh at
the off-peak hour 02:00. Before implementing DSM, the load consumption exceeds about
1855 kW, which contributes to the major rise in total electricity cost. The off-peak load is
low, which helps in the possibility of moving the load from peak hours, thereby minimizing
the total cost.

Figure 7. Hourly Electricity Price ($/kWh).

The hybrid BPSOGSA algorithm has the functionalities of both BPSO and GSA. Initially,
the gbest of particles of BPSO get randomly distributed to optimally schedule the load types
of KCET. The peak load is reduced effectively to 1704.628 kW using the hybrid BPSOGSA
optimization algorithm.

Figure 8 compares the demand curves of KCET loads after deploying three different
scheduling algorithms, BPSO, BGSA, and BPSOGSA (indicated by yellow, blue, and green
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colors, respectively), with the demand before deploying BPSOGSA-DSM. The electricity
price for each hour is represented by a violet dotted line.

Figure 8. Comparison of demand before and after deployment of DSM with BPSOGSA.

The hybrid BPSOGSA increases the reduction in electricity cost to $716.26, thus proving
that the proposed hybrid optimization algorithm yields good results when compared with
BPSO and BGSA. The percentage reduction in PAR and Peak demand has improved to
81.295% from 20.98%. Table 1 tabulates the optimized findings of the three optimization
algorithms considered along with the decline in PAR, peak demand, and electricity price.

Table 1. Optimized results before and after deployment of DSM techniques.

Criteria
BGSA Indices BPSO Indices BPSOGSA Indices

PD (kW) PAR Cost ($) PD (kW) PAR Cost ($) PD (kW) PAR Cost ($)

Before DSM 1855.4 4.12 2030.6 1855.4 4.12 2030.6 1855.4 4.128 2030.6
After DSM 1756.2 4.012 1532.9 1704.6 3.739 1467.6 1502.2 3.263 1314.4
Reduction 99.24 0.117 497.7 150.84 0.336 562.9 353.2 0.866 716.2
% Reduction 5.349 2.83 24.50 8.129 8.129 27.724 19.03 20.970 35.27

The demand before BPSOGSA-DSM was 1855.47 kW, which is reduced to 1756.23 kW
by BGSA, 1704.62 kW by BPSO, and 1502.24 kW by the hybrid BPSOGSA. This makes
it clear that it is much more effective in peak demand reduction by shifting 353.23 kW
of loads from peak hours of operation. The cost savings achieved by BGSA, BPSO, and
BPSOGSA are $497.7, $526.99, and $716.264 respectively. As discussed, the peak hours
of operation are from 09:00 to 14:00 and the demand reduction during these hours will
boost the reduction in total electricity consumption cost. Figure 9 shows the variation in
demand during the peak hours. At 10:00, the demand has fallen from 1855.468 kW to
384.17 kW before and after the deployment of BPSOGSA-DSM. Eventually, this fall will
greatly aid a great reduction in electricity consumption costs. Two operating times of the
day, 09:00 and 14:00, are considered and the number of load types scheduled at these two
hours is analyzed.
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Figure 9. Variations in demand from 9:00 to 14:00 before and after deployment of BPSOGSA-DSM.

Figure 10 depicts the shifting and scheduling of load types for the two pricing times
09:00 and 14:00 before and after deploying the DSM algorithms. The electricity price at
09:00 is 26.82 ($/kWh), which is much higher than that of the price at 14:00 at 9.19 ($/kWh).
It is seen that the proposed algorithm shifts the load types from higher pricing to lower
pricing. In other words, the individual demand for air conditioner load is 618.35 kW,
which is maximum at 09:00 with a pricing of 26.82 ($/kWh) which will increase the overall
electricity consumption cost. This load is shifted and scheduled to 14:00 with a lower
electricity cost of 9.19 ($/kWh). Thus, the objective of reducing the electricity cost is
attained. Each load type is considered as a particle in BPSO, which moves with the force
of GSA, thus scheduling loads of KCET optimally. Let us consider the air conditioner of
KCET to examine its optimal shifting before and after deploying BPSOGSA-DSM which is
shown in Figure 11.

Figure 10. Scheduling of load types before and after BPSOGSA from 09:00 to 14:00.
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Figure 11. Shifting of 3-phase air conditioner loads before and after deployment of DSM.

Before deploying DSM techniques, the 3-phase air conditioner loads are scheduled
for operation at [9–13] hours, where the load is scheduled in peak pricing hours. The
BGSA schedules the air conditioner load in [9–11,13,14] which is almost the same as before
deploying DSM. This depicts that BGSA does not shift the load effectively to achieve the
main objective of electricity cost minimization. After deploying BPSO, the load is shifted
to [12–16] a period of operation where the peak pricing hours are neglected. Thus, the
total electricity price is reduced considerably. Further, after deploying BPSOGSA, the load
is scheduled at [14–18]. The electricity pricing at the 17th and 18th hours is much lower
than the 12th and 13th hours. This shifting of loads helps in the reduction of the electricity
consumption cost. The performance of algorithms used to plan KCET loads using the
proposed DSM method is individually assessed. Table 2 shows the statistical efficiency of
BPSO, BGSA, and BPSOGSA algorithms. It can be observed from Table 2 that the statistical
performance of BPSOGSA was better than BPSO and BGSA algorithms. The p-values of
the BGSA, BPSO, and BPSOGSA algorithms are described in Table 3. The p-values are
obtained using Holm, Hommel, and Holland tests with a significance level of α = 0.05 for
the considered algorithms.

The statistical tests validate the p-value hypothesis of 0.05. Table 4 shows clearly that
the BPSOGSA suggested is much superior to the current methods. The statistical details
such as the standard deviation of the algorithms were deployed for the test system.

Table 5 shows the load types and their power ratings with the period of operation (in
number of hours). The power ratings have been given for the power demand corresponding
to each load type. Figure 12 shows the convergence curve of the hybrid BPSOGSA algorithm.
The statistical tests performed on these three algorithms depict that the proposed hybrid
BPSOGSA is far better than BGSA and BPSO algorithms.

Table 2. Average rankings—KCET load.

Algorithm Aligned Friedman Test Friedman Test Quade Test

BGSA 80.5 3.0 2.9
BPSO 60.5 2.0 2.0
BPSOGSA 30.5 1.0 1.0
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Table 3. p-value with significance level α = 0.05—KCET load.

Algorithm Aligned Friedman Test Friedman Test Quade Test
Hommel Holm Holland Hommel Holm Holland Hommel Holm Holland

BGSA 0.0169 0.016 0.0165 0.0165 0.016 0.0169 0.0165 0.016 0.0169
BPSO 0.025 0.025 0.0252 0.025 0.025 0.0251 0.025 0.025 0.0251
BPSOGSA 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05

Table 4. Statistical details of algorithms.

Algorithm Best Electricity Cost ($) Worst Electricity Cost ($) Mean Electricity Cost ($) Standard Deviation Simulation Time (s)

BGSA 1531.54 1535.21 1532.97 1.89 280
BPSO 1465.42 1469.54 1467.68 1.04 242
BPSOGSA 1313.10 1315.22 1314.50 0.82 228

Table 5. Power ratings and period of operation of the load types.

Load
Type

Start
Time

End
Time

Period of Operation
(Number of Hours)

Power Demand
(kW)

1 9 16 5 0.055
2 8 16 6 0.055
3 10 17 3 0.0385
4 1 23 12 287.09
5 9 20 6 0.013
6 9 16 5 2.5
7 9 16 5 7.45
8 8 16 2 0.003
9 1 23 12 3.5
10 9 16 6 7.5
11 5 10 4 5.5
12 5 10 3 1.5
13 6 10 2 2.2
14 8 17 6 3.7
15 9 16 3 96.42
16 9 16 4 120.8
17 9 16 5 38
18 9 16 5 39
19 9 16 3 3.27
20 9 16 5 64.7
21 9 16 5 28
22 9 16 6 37
23 9 16 4 13
24 9 16 3 32.9
25 9 16 5 17.4
26 9 16 5 51.06
27 9 16 2 39.9
28 9 16 5 39
29 9 16 5 103.99
30 8 15 1 0.5
31 9 16 1 2.5
32 9 16 2 2.5
33 9 16 1 2.5
34 9 16 1 2.5
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Figure 12. Convergence Curve of the hybrid BPSOGSA.

5.2. Hybrid BPSOGSA-Based Degree of User Comfort (DUC)

The real-time test system where the hybrid BPSOGSA is deployed is set up with
32 kW solar photovoltaic (SPV) generation. Canadian Solar MaxPower CS6U-340 M has
been used in KCET. The considered SPV panel has 72 monocrystalline cells with a module
efficiency of nearly 17.49%, voltage at open-circuit of 46.2 V, current at short-circuit of
9.48 A, nominal maximum power of 340 W and can be used up to 1500 V DC. Some of the
enlisted non-critical institutional loads are categorized as user comfort loads, which have
an impact on the satisfaction level of the user to a greater extent. In the proposed method,
this level of satisfaction is measured as the DUC. The SPV generation is effectively utilized
to increase the DUC with the working of certain user comfort loads.

The hybrid BPSOGSA based DSM technique shifts the operating hours of the load
types and optimally schedules them to attain the main objective of electricity cost minimiza-
tion. This scheduling of loads to different operating hours reduces the user’s comfort level.
Thus, the SPV generation is utilized to increase the comfort level of the users by applying
the hybrid BPSOGSA algorithm. The number of retained hours of operation marks a great
impact in increasing the level of satisfaction of the users to the considered load types. Thus,
by increasing the number of retained hours of operation and combining the SPV generation,
the degree of user comfort (DUC) can be improved.

Table 6 depicts the details of the loads were considered, their operating hours before
and after DSM, and the number of non-shifted operational hours before implementing SPV
generation. To study and improve the degree of UC, hybrid BPSOGSA is applied along
with the SPV generation. The ratio defined here is:

Ratio =

(
Number o f retained hours o f operation

Period o f operation

)
The DUC increases as the ratio increases (i.e.) DUC is directly related to the number of

unchanged operational hours. The period of operation of the load type is constant and so
the ratio changes for the number of retained hours of operation. From Figure 13, it can be
stated that when the ratio is 0.243, the degree of UC is 13.4. To improve the degree of UC,
the generated power from solar energy is utilized.
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Table 6. Operating hours of loads before and after DSM.

Load
Type Load Name Operating Hours

before DSM
Operating Hours
after DSM

Number of Retained Hours
of Operation

2 Ceiling fan 2 [8–13] [8,11,12,14–16] 3
3 DC fan [9–11] [14,16,17] 0
5 LED lamps [8–13] [14–16,18–20] 0
6 1 phase air conditioner [9–13] [12–16] 2
7 3 phase air conditioner [9–13] [14–18] 0
11 Compressor 1 [9–12] [6–8,10] 1
13 Compressor 2 [6,7] [7,10] 1
14 Pure water pump [9–14] [8,11,14–17] 2

Figure 13. Increasing Degree of UC with the increase in ratio.

5.3. Real-Time Implementation of SDSMS

Nowadays, various types of DSM techniques are adopted in the residential sectors as
well as institution buildings and commercial building in order to reduce overall electricity
consumption cost. The main objective of DSM implementation is to shift the various cate-
gories of loads from peak to non-peak hours at the same time without reducing the DUC.

Various DSM approaches with different optimization algorithms were proposed to
solve the objective of electricity cost minimization. The hybrid BPSOGSA algorithm
optimizes the scheduling of the load types effectively, to attain the main objective of
electricity cost minimization at KCET. The SDSMS can decide the power supply to the
laboratory loads either from the solar or institutional power line. The measured parameters
by SDSMS are compared with the Power Quality Analyser (PQA) is tabulated in Table 7.

Table 7. Comparison of measured parameters of SDSMS with PQA

Model Phase Voltage
(Vph )

Phase Current
(Iph )

Utilization Energy in Peak Hours
(kWh)

SDSMS 228.75 7.85 4.84
PQA 229.45 8.25 5.09

The implemented hardware at Renewable Energy Laboratory is shown in Figure 14.
The relay unit can be controlled by the microcontroller, based on the changeover timing in
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the peak period. The PZEM module obtains the electrical parameter from the load power
line and sends the data to the microcontroller unit which will send all the information to
the cloud server. The consumption details are viewed from any mobile device using the
Blynk application.

Figure 14. Implemented hardware setup at Renewable Energy Laboratory.

The measured electrical parameters such as energy consumption, voltage, current, and
cost using the Blynk application are shown in Figure 15. The electrical parameters and cost
are displayed in graph format for viewing the variation at any instant. The changeover
timing can be modified according to the user’s need through the time scheduler in the
Blynk application.

Figure 15. Electrical parameter readings, changeover scheduler, and changeover timing.

6. Conclusions

This paper deploys an Internet of Things (IoT)-based Smart Demand Side Management
System (SDSMS) that connects the solar power line for the laboratory loads during peak
hours to increase the degree of user comfort (DUC) at an educational institution KCET
located at Madurai, Tamilnadu, India. In this paper, DSM for the institutional loads is first
implemented using a hybrid BPSOGSA algorithm and the same is integrated as hardware
in real time. The KCET loads are categorized into shiftable loads and non-shiftable loads
(NSLs) loads. The overall reduction of electricity consumption cost of the institution
is achieved by deploying day-ahead load shifting and scheduling in the shiftable loads
(SLs). The performance of the hybrid BPSOGSA algorithm has been evaluated in terms of
parameters such as PAR and peak demand reduction, and electricity cost minimization by
comparing it with individual optimization algorithms BPSO and BGSA using MATLAB.
A overall cost reduction is achieved by 35.27% using the proposed hybrid BPSOGSA
algorithm, while 27.72% and 24.502% reduction in electricity cost by BPSO, and BGSA
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respectively. PAR without DSM is 4.12 whereas using BGSA, BPSO, and BPSOGSA, PAR is
reduced to 4.01, 3.73, and 3.26 respectively. Furthermore, peak demand without DSM is
1855.47 kW, whereas using BGSA, BPSO, and BPSOGSA, PAR is reduced to 1756.23 kW,
1704.62 kW, and 1502.24 kW, respectively. Hence, BPSOGSA gives the best performance for
the minimization of electricity cost, reduction in PAR, and reduction in peak demand. The
major highlight of using the hybrid BPSOGSA algorithm-based DSM is that it is effective
in eliminating the demerits of both BPSO and GSA algorithms. Further, the degree of
user comfort (DUC) has been improved by deploying hybrid BPSOGSA incorporating the
Solar PV (SPV) generation at the premises of KCET. The ratio of the number of retained
operational hours to the period of operation is directly proportional to the DUC. The use
of SPV in the hybrid BPSOGSA algorithm raises the DUC level without ratio dependency.
Next, the hardware has been implemented in real time at the Renewable energy laboratory
to improve DUC for different load types by optimal scheduling and it reduces the electricity
cost during the peak period for the institution, and the corresponding electrical parameters
are monitored in real time using the Blynk application.
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Abbreviations
The following abbreviations are used in this manuscript:

ACO Ant Colony Optimization
BGSA Binary Gravitational Search Algorithm
BGWO Binary Grey Wolf Optimization
BPSO Binary Particle Swarm Optimization
BPSOGSA Binary Particle Swarm Optimization-Gravitational Search Algorithm
CS Cuckoo Search Algorithm
DBHS Discrete Binary Harmony Search algorithm
DEA Differential Evolution Algorithm
DG Distributed Generation
DR Demand Response
DSM Demand-Side Management
DUC Degree of user comfort
DUC Degree of User Comfort
HS Harmony Search algorithm
IoT Internet of Things
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KCET Kamaraj College of Engineering and Technology
LCOE Levelized Cost of Energy
MBDE Modified-Binary Differential Evolution algorithm
MILP Mixed Integer Linear Programming
PAR Peak to average ratio
PAR Peak to Average Ratio
SA Simulated Annealing
SDSMS Smart Demand Side Management System
SDSMS Smart Demand Side Management System
SPV Solar Photovoltaic
TAC Total Annualized Cost
TAE Total Annualized Emission
WDO Wind-Driven Optimization algorithm
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