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ABSTRACT

Effectively utilizing renewable energy sources while avoiding power consumption restrictions is the problem of
demand-side energy management. The goal is to develop an intelligent system that can precisely estimate energy
availability and plan ahead for the next day in order to overcome this obstacle. The Intelligent Smart Energy
Management System (ISEMS) described in this work is designed to control energy usage in a smart grid envi-
ronment where a significant quantity of renewable energy is being introduced. The proposed system evaluates
various predictive models to achieve accurate energy forecasting with hourly and day-ahead planning. When
compared to other predictive models, the Support Vector Machine (SVM) regression model based on Particle
Swarm Optimization (PSO) seems to have better performance accuracy. Then, using the anticipated re-
quirements, the experimental setup for ISEMS is shown, and its performance is evaluated in various configu-
rations while considering features that are prioritized and associated with user comfort. Furthermore, Internet of

Things (IoT) integration is put into practice for monitoring at the user end.

1. Introduction

In the upcoming years, substantial growth and concurrent challenges
are anticipated in power generation, distribution, and consumption. For
maximum power use, it is necessary to smoothly integrate distributed
and renewable energy sources with an intelligent energy management
system on the demand side. The depletion of fossil fuels and the increase
interest in their reduced use in worldwide has increased the importance
of renewable energy sources in response to customer demand for more
reliable and reasonably priced energy. Micro-turbines for biomass,
photovoltaic (PV), wind, and other renewable energy sources are
becoming widely utilized [1]. Specifically, in cities, residential cus-
tomers have a strong desire to install modest rooftop PV systems. The
standalone PV systems necessitate substantial storage capacity while
grid-connected PV systems are favored for their continuous supply over
an extended period. Consequently, the need for hybrid systems, which
combine the best aspects of on-grid and standalone grid systems, is
growing. Many grid-connected systems, export excess power back to the

grid because of a lack of storage. In developing countries like India, this
poses challenges due to grid instability and frequent outages, making the
export of power back to the grid problematic [2].

2. Motivation and contribution

In contemporary grid-connected systems, the inclusion of PV storage
has become imperative. Due to their intermittent and extremely variable
character, renewable energy sources might be difficult to fully integrate
into microgrids and reap their potential advantages [3]. The installation
of grid-connected photovoltaic systems might exacerbate the imbalance
between generation and demand, leading to overall power system os-
cillations. Accurate renewable energy forecast becomes essential to
solving this problem.

Prioritized scheduling and storage measures are crucial for control-
ling consumer loads in accordance with PV energy and the utility grid’s
availability. For the purpose of predicting PV production, trustworthy
predictive models that account for solar irradiation levels, regional
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Fig. 1. Description of the intelligent energy management system [25].

weather, and other external variables must be created [4].

The presented work predominantly delves into key aspects of
demand-side management, emphasizing the importance of accurate
predictive models to optimize the scheduling of consumer loads in
response to the availability of grid and PV energy [5].

e The study assesses a range of machine learning techniques to find
reliable predictive models, such as ensemble approaches, PSO based
ANN, SVM, ANN based on PSO, and Artificial Neural Networks.

e Performance metrics such as Mean Absolute Error, Root Mean Square
Error and Mean Absolute Percentage Error are used to compare the
generated predictive models.

e Using customizable priority options, the hardware experimental
setup implements control operations in accordance with a simulated
power negotiation situation based on expected power.

e The easy integration of a secure Internet of Things environment
enables load monitoring and subsequent data analysis.

The Intelligent Smart Energy Management Systems architecture
proposed in this study addresses demand-side energy management with
an emphasis on renewable energy sources. Users may access energy
administration and information in an IoT environment, and smart en-
ergy management systems plan loads using data from solar sources [6].
For both day-ahead and monthly forecasts, the machine learning tech-
nique included into the architecture allows for accurate energy fore-
casting. Based on the user-specified priorities, ISEMS uses the predicted
data to negotiate power and transmit control actions to individual ap-
pliances [7].

2.1. The following sections outline the paper’s organization

The literature review is built upon in Section 2, offering an under-
standing of the present body of knowledge and clarifying the rationale
for the study undertaking. Section 3 provides a thorough review of the
techniques and approaches used in this study in addition to outlining the
recommended course of action. Section 4 presents the findings and

initiates a comprehensive discussion by analyzing the significance and
implications of the findings. To conclude the work, the last section
summarizes the key findings, offers concluding remarks, and suggests
potential avenues of inquiry for further research. This final section also
discusses the study’s future scope and makes recommendations for new
research directions and areas of study.

3. Literature review

Depending on considerations like location in a tropical area, sur-
rounding circumstances, and other climatic characteristics, renewable
solar PV power generation appears to be a viable and plentiful energy
source globally. Nevertheless, because of its erratic and sporadic char-
acter, its reliance on factors including solar radiation, wind direction,
wind speed, temperature, humidity, and daylight hours presents a
problem [8]. Effectively harnessing and managing these resources be-
comes pivotal to meet the ever-growing energy demands of consumers.
The energy industry has made tremendous advancements in the modern
digital landscape with the integration of IoT environment, which allows
for dependable data collection, remote monitoring, and control [9].

Due to concerns about the use of fossil fuels, independent solar PV
generation is expected to play a significant role in the power sector in the
near future [10]. Planning load and appliance operations at the con-
sumer end and guaranteeing effective use depend on accurate PV output
projection. Various techniques are examined to simulate sun irradiation,
depending on the dataset size, factors applied, and specific usage data.
Accurate renewable forecasting has the benefit of being more efficient,
more affordable, and dispatchable [11]. For the purpose of ensuring the
power system operates reliably, day-ahead planning utilizing demand
consumption data and predictives for renewable energy is essential.
Proper forecasting contributes to the preservation of system health by
reducing power fluctuations and upholding overall system depend-
ability [12].

The literature explains how to measure solar irradiance and expect
energy using seasonal auto-regressive integrated moving average, radial
basis function wavelet decomposition network methods, and fuzzy logic
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Fig. 2. A description of a primary predictive model [1].

methodologies. Furthermore, classical artificial neural network models
and support vector regression have been widely used; nevertheless,
parameter change significantly impacts their accuracy. Notably, recent
studies explore hybrid models, ensemble methods, and support vector
regression for more accurate hourly PV output forecasts [13].

The implementation of demand-side energy management systems
has received a lot of attention at the same time. The literature examines
Demand Response (DR) events, which let customers modify their power
consumption patterns in accordance with time and utility prices to
prevent peak usage [14]. In recent studies, integrated settings for
managing appliance demand such as HVAC systems in commercial
buildings are provided [15]. Maintaining user happiness and appliance
priority is the major emphasis of several strategies for demand-side load
management, predictive analysis, and optimization in energy use pat-
terns that are examined.

The accuracy of energy meters, particularly in power measurement,
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relies on the current and voltage transducers used. Experimental studies
on the metrological performance of current transformers (CTs) and po-
tential transformers (PTs), as well as the development of low-cost data
acquisition-based watt-meters, have been presented in the literature
[16]. Characterizing and enhancing the current and voltage transducers’
metrological performance in harmonic measurement is the subject of
more study [16].

This paper makes use of sun irradiation data for the Berhampur area
from the National Renewable Energy Laboratory site [17]. The dataset,
trained on different models, undergoes validation to assess the accuracy
of prediction. Reliable source generation forecasting is considered
essential for appropriate load scheduling, or pre-scheduling, in an en-
ergy management system [17]. The recommended method optimizes the
parameters of the ANN and SVR models using Particle Swarm Optimi-
zation. For the provided dataset, the PSO-based parameter tuning
strategy performs noticeably better than the state-of the art techniques
[18].

The research emphasizes the need for more precise renewable energy
forecast models in light of the present situation and technological de-
velopments in order to effectively control demand-side appliances
without sacrificing consumer comfort. Through laboratory-level exper-
imental settings, the advanced Smart Energy Management System of the
proposed architecture is evaluated [19]. It includes a reliable commu-
nication system, an optimal load strategy, and an accurate predictive
model. Furthermore, the efficiency of the energy management system is
improved by the integration of an IoT environment with dynamic pri-
ority assignment that can be adjusted by the user. The gathering of large
amounts of metering data opens up new research opportunities in fields
like machine learning, big data analytics, real-time energy management,
and energy cost optimization [20]. Numerous research groups are
actively exploring these avenues to contribute to the continuous evo-
lution of energy system management [21].

4. Methodology

The Intelligent Smart Energy Management Systems design, as seen in
Fig. 1, is for demand-side energy management that prioritizes renewable
energy sources. The three main components of this strategy are a pre-
dictive smart energy management system, PV generation and data col-
lecting, and an Internet of Things ecosystem that provides users with
information and energy management [22]. In order to anticipate energy
levels for both hourly and day-ahead scenarios, this architecture’s
fundamental technique uses machine learning. Based on the priority
given to consumer appliances, the SEMS uses the projected information
to negotiate power availability and dispatch control actions. In the
context of solar energy generation, machine learning methods serve as
widely adopted forecasting techniques to enhance the accuracy of the
prediction [23]. This integration of machine learning into the ISEMS
architecture contributes to more efficient demand-side energy man-
agement, aligning with the unpredictable nature of renewable sources
[24].

4.1. Design of machine learning framework

Regression analysis objective is to identify a function that, when
applied to a set of input values, accurately approximates the target
values. Fig. 2 illustrates the typical steps that a regression model goes
through: data preparation and collection, model creation, training, and
testing [26] (see Fig. 3).

4.1.1. Collecting and preparing data

The initial step in designing a predictive model involves collecting a
relevant dataset. The solar irradiation level data utilized in this study
were based on the Berhampur area and were obtained from the NRE
website(https://nsrdb.nrel.gov) National Solar Radiation Database
Temperature, pressure, wind speed, and global horizontal irradiance are


https://nsrdb.nrel.gov

C. Krishna Rao et al.

Load
Dataset

Define Input and output
Parameters

’ Divide data into training, validation ‘

Changing of parameters

Unconventional Resources 4 (2024) 100101

Initialize ANN parameters
(number of layers, neurons)

and testing dataset

for tuning the network ‘

l

Update parametrs

I Train the ANN model }——'

Initialize population size,
maximum

(wij swjk ,bj ,bk)

| Validation of network ‘

NO Error

Minimized

YES

Obtain the best optimal neural
network

Neural network is ready for
prediction

Calculation of performance
indices

iteration

| Generate the initial particles |

|

Evaluate the fitness of each
particle

!

| Find the pbest and gbes

l

Update the velocity of each
particle

Check
stopping
criteria

NO

YES

Fig. 3. ANN flowchart based on PSO [21].

the data points that are included into the regression model [27]. The
missing data issue is addressed by implementing a plan to replace any
missing values with the average data from the same day. Furthermore,
as part of the preparation stage, the data are normalized [28].

4.1.2. Creating the model

In this stage, the model’s starting variables, maximum depth, and
coefficients are adjusted by the designer in order to create an accurate
model. The most accurate forecast model is determined by thoroughly
analyzing the others. Thus, for the ISEMS forecasting approach, the PSO-
based SVM repressors are considered [29].

4.2. Analyzing the energy management system predictive model

4.2.1. Artificial neural network

An artificial neural network serves as the foundation for the tradi-
tional solar irradiation forecasting methods. An illustration of how the
artificial neural network model functions using historical data with a
variety of input attributes, including temperature, wind speed, day of
the week, and month. Adequate data (25 %) are presented as a testing
set, while the remaining 75 % was used as the training set. Finding the
optimal values involves analyzing various combinations of the ANN
parameters, such as the number of neurons and hidden layers. The
model that is used for prediction after several trials is the one with the
lowest error [25].

4.2.2. ANN-based particle swam optimization technique

The most effective parameters are determined by conducting a
thorough investigation of various input parameter combinations. The
first step in finding the ideal PSO (Particle Swarm Optimization) particle

size is to choose a fixed number of hidden layers (n) and two accelera-
tion factors (c1 and c2). To find the configuration with the least amount
of inaccuracy, several combinations of variable particle sizes are taken
into consideration [30].The particle size that was found to be ideal in the
first analysis is then used to calculate the ideal values for acceleration
factors (c1 and c2). The concealed layer size (n) is kept constant while
doing this. To determine the ideal number of concealed layers, a third
analysis is carried out in the last stage [31]. This study explores several
combinations to maximize the overall performance of the model, taking
into account a fixed, ideal particle size and the previously obtained ac-
celeration factor values (c1 and c2).

4.2.3. Support vector regression

Reduces training error while striking a balance in the trade-off be-
tween hyper planes compared to neural networks, logistic regression, or
linear regression, Support Vector Regression (SVR) employs a distinct
approach for optimization. The meta-parameter Gamma is crucial
because it defines the Gaussian kernel function, evaluates the degree of
similarity between different qualities, and assigns weights to the opti-
mization functions that correspond to those features. Moreover, regu-
larization parameter C carries out the subsequent tasks [32]:

The SVR model’s hyper parameters are initially set randomly and
derived from the data pattern. The accuracy of the model hinges on the
values assigned to these parameters, and for the SVR model, an initial
setting of Gamma = 1.25 and C = 1 is employed. The subsequent section
delves into the optimization algorithm used for fine-tuning these pa-
rameters [33].

4.2.4. Support vector regression based on PSO
The SVR model’s predictive accuracy depends on determinants out
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what the ideal values for the C and Gamma parameters are. An efficient
method for maximizing these SVR parameters is Particle Swarm Opti-
mization. In order to find the lowest predictive error possible throughout
the whole solution space, PSO-SVR evaluates the SVR model’s predictive
error in each iteration in a methodical manner. Next, the best values for
the SVR parameters that are being studied are determined using this
information [34].

The flowchart in Fig. 4 illustrates how the PSO-SVR model operates.
The SVR function initially sets random values for the SVR model’s hyper
parameters. Random indexing, a technique covered in the preceding
part of this chapter, is used to split the dataset into training and testing
lists. Next, in accordance with the PSO’s requirements, the SVR tech-
nique is used frequently. Performance evaluation of the model is done at
each iteration minimizing error is the goal of PSO’s iteration direction
selection process [35].

The PSO determines the best solution as the collection of hyper pa-
rameters that correspond to the least error value. After making this
decision, the model is used to forecast using the testing data and the best
hyper parameter configuration.

4.2.5. Ensemble methods

In data analytics, feature collection is crucial, and Decision Tree
methods provide a noteworthy benefit by fitting the dataset with feature
selection implicitly. Unlike certain regression models that require pro-
portional scaling among parameters, decision trees demand minimal
effort for data preparation. Further, they exhibit remarkable perfor-
mance in handling nonlinear relationships between parameters without
necessitating linear assumptions. In this particular study, basic learners
are chosen by a series of iterative trials based on trial and error [36].
This method achieves a greater accuracy rate while simultaneously
using less computing power. When compared to other standard tech-
niques, the ensemble of decision trees performs better.

4.3. Predictive performance evaluation metrics

One important factor in deciding if the trained model is suitable for
real-world applications is performance evaluation. In this study, three
key performance criteria are thoroughly examined to gauge the accu-
racy of the model. These three performance metrics are.

e Mean Absolute Percentage Error
e Mean Absolute Error
eRoot Mean Square Error

All of these performance indicators add up to a thorough assessment
of the model’s efficacy, providing information on its accuracy and
dependability for real-world applications [37].

4.3.1. The mean absolute error

The forecast error is the difference between the actual and predict-
able data values, and it is calculated using Mean Absolute Errors (MAEs).
The average absolute gaps between each expected value and its
matching actual value are measured by this statistic. Using MAEs gives
the assessment process a clear indicator of the forecasting performance
overall and provides insights into the forecasting model’s accuracy and
precision [38].

MAE =

2=

N
3 \ﬁ) 7Pi) o)
i=1

4.3.2. The mean absolute percentage error

A statistical indicator called Mean Absolute Percentage Error or
Mean Absolute Percentage Deviation is used to assess the accuracy of
forecasting techniques, particularly with regard to trend predictive.
MAPE is often stated as a percentage and may be calculated using the
following formula [38]:
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The number of test points in this instance is N, the nominal power is
Pn, the actual value at the ith hour is Pi, and the predicted value is P"i.

The Mean Absolute Percentage Error (MAPE) offers two distinct
advantages in the context of forecasting evaluation. First, by utilizing
absolute values, It stops the cancellation of positive and negative mis-
takes. This ensures that the measure accurately reflects the magnitude of
the errors, without any offsetting effects.

Second, the benefit of MAPE is that the size of the dependent variable
has no bearing on relative errors. This characteristic allows for a
meaningful comparison of forecast accuracy across datasets with
different scales. In project work, placing primary importance on MAPE
acknowledges its ability to provide a reliable and scale-independent
assessment of forecasting accuracy, contributing to a more robust
evaluation of the model’s performance.

4.3.3. Root Mean Square Error

An estimator or model’s predicted values and the actual observed
values are typically compared using a metric called Root Mean Square
Deviation, often known as the Root Mean Square Error [38]. This
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statistic takes into consideration the size and direction of each individual
error when calculating the mean error magnitude. The RMSE is calcu-
lated using the formula below

RMSE = 3

For the produced models, several trials and combinations are used to
carry out detailed analysis.

5. Analysis of the ISEMS experimental design

This section provides an overview of the Intelligent Smart Energy
Management System’s experimental setup. It describes the smart
socket’s architecture in depth and clarifies the power negotiation algo-
rithms that are essential for effective energy management. Subse-
quently, the integration of IoT framework with ISEMS is detailed,
emphasizing its role in facilitating remote monitoring of data. This
comprehensive description aims to offer insights into the structure and
functionality of the ISEMS experimental setup, encompassing both
hardware and algorithmic components [39].

5.1. The configuration of the overall system

The complete Smart Energy Management system, seen in Fig. 5,
consists of a smart socket module and a SEM unit. The brains of the
system are the SEM Gateway and the smart socket module, which con-
trols the connected appliances. XBee modules provide bidirectional
communication between the SEM Gateway and the smart socket mod-
ule. In the configuration, these modules act as a router at one end and a
coordinator at the other. The brain of the system, the SEM unit, com-
pletes power negotiation algorithms and then, upon receiving external
signals, transmits control signals to the smart socket module. The next
section goes into further depth about appliance planned operations
based on projected power statistics [40]. Real loads are used in the lab’s
experimental system, including a laptop that has to be charged, a fan,
and illumination. Algorithms established in the SEM unit are used to
sequence the appliances’ actions during Demand Response (DR) events
based on predetermined priorities. In order to schedule appliances in
accordance with the Time of Usage and stay under the minimum slab

Phase
G ot .‘NEND o
L

LEM LAZSP

ATMEGA328
Microcentroller

Fig. 6. Designing a smart socket for an intelligent energy management system [34].
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rate, the system takes into account the maximum demand limit. This
strategy guarantees effective resource management and energy
management.

In the laboratory, actual loads are used to replicate real-world con-
ditions in the experimental setting. Load-A specifically refers to an in-
candescent lighting load. This load is equipped with the capability to
vary power consumption by toggling the status of individual bulbs
within it. Load-B in the setup is represented by a fan. This fan is
equipped with temperature and humidity sensors and can change its
speed. This integration showcases how user comfort considerations are
incorporated into the algorithms deployed within the Smart Energy
Management System (SEMS).The Load-C is exemplified by a charging
laptop, deliberately chosen to illustrate the scheduling of chargeable
loads with a focus on Time of Usage [41]. This intentional selection
emphasizes the system’s ability to optimize the operation of devices
based on predetermined time intervals, contributing to efficient energy
utilization. Together, these loads provide a diverse and comprehensive
test for evaluating the SEMS algorithms in a controlled laboratory
environment.

5.2. Smart socket design for ISEMS

The schematic design of a smart socket, as seen in Fig. 6, uses Hall
Effect voltage and current transducers to convert single-phase power
characteristics (voltage and current) into low-level voltage signals. The
input resistancel R1 in the voltage transducer scheme (Fig. 6) is selected
to guarantee that the measurement resistance RM is between 10 and
350 Q. In a similar vein, a measurement resistance (RM) is incorporated
into the current transducer circuit (Fig. 6) to guarantee that the output
voltage stays below 4.5V. A voltage divider circuit used by the power
supply module to create a 1.8V DC offset is one of the signal conditioning
circuits that further refines these signals. A Zener diode with a 4.7V cut-
off voltage is included in the signal conditioning circuit to guard the
Arduino microcontroller and prevent over voltage [42].

The Arduino microcontroller’s analog pins receive the output signals
after they have been conditioned within the 0-4V range. Based on in-
structions received from the microcontroller, the relay module permits
the turning on or off of a certain appliance. By attaching the SEMS unit
(Router) to the smart socket, an XBee Series 2 module creates the
communication channel. Every load controller has access to control
commands transmitted by the SEMS unit. Through Xbee modules, the

Arduino in the coordinator module receives orders from various routers
and SEMS units. It is in charge of gathering information on energy usage
from every router and providing users with an LCD interface to view
statistics on total energy use. The Arduino Ethernet shield may be used
to upload this energy usage data to the local server (WAMP). The SEMS
can effectively manage energy thanks to the integration of sensor, con-
trol, and communication components in the smart socket design [43].

5.3. Predictive power data driven algorithmic decision-making

When the generated power is insufficient to meet the whole demand,
users may still operate their priority appliances thanks to an algorithm
included into the SEM hardware. This algorithm takes into account the
consumer-assigned priorities to different appliances. The available
power during the demonstration is assumed to come from solar PV
output, which is estimated using the anticipated sun irradiation. This
predictive approach enables the SEM system to allocate generated solar
power efficiently, allowing consumers to use their most essential ap-
pliances, taking into consideration individual priorities [44]. The algo-
rithm ensures optimal utilization of available solar energy, enhancing
flexibility and user satisfaction within the SEMS.

5.3.1. Demand Response involves the use of a decisive algorithm

Algorithm 1. provides a detailed walkthrough of the deployed algo-
rithm, outlined as follows:

The first step in the SEM decisive approach is to collect power use
data from each device in a predetermined sequence. The next part ex-
plains the self-diagnostic process that the SEM unit executes in the event
that a load controller fails to provide the required data [45]. Consumer
priorities are used to arrange the collected power usage statistics. The
SEM unit next looks over the information to see if any demand limit
breaches may have occurred. This last algorithm examines if the
apparent power used by appliances is more than the specified maximum
demand limit [46].

In order to maintain the demand limit from being exceeded, for the
purpose of turning on the greatest number of high-priority appliances,
the SEM unit sends out command signals. The remaining appliances are
turned off simultaneously by sending out command signals [47]. The
algorithm scrutinizes activated appliances to confirm the presence of
peak load conditions. This criterion is fulfilled upon receipt of a peak
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load hours signal from the utility, in addition to the appliance’s apparent
power exceeding 25 % of the highest apparent power consumption
recorded for the home in the preceding month [48]. In order to prevent
potentially expensive tariff charges, the SEM unit notifies the load
controller of increased power usage during peak load hours when the
peak load criteria is fulfilled. The load controller then sounds an alarm to
the customer by turning on the LED and buzzer for 1 s [49].

When the appropriate command signals are sent to every device, the
SEM unit waits 30 s before initiating the subsequent data sampling cycle.
Customers are able to swap out the appliances that are given priority

during this time. After that, repeat steps 1 through 6 to complete the
process again. The flow chart for the SEM decisive technique for 'n’
number of loads within a house is shown in Fig. 2. Emphasize that
appliance priorities are initialized with preset values before this pro-
cedure is run [50]. To collect data on power consumption from all ap-
pliances, the flow chart also uses two variables, "i" and "k," where "i"
increments based on priority and "k" increments in a predefined
sequence.

5.4. Energy monitoring system integrated into an IoT environment

Energy usage may be monitored in real time in a residential complex
with smart meters. When an Ethernet shield manages a successful
connection, the SEMS enables the smooth flow of power data to a server.
The uploaded data may be viewed and accessed by data monitoring
systems and devices, as Fig. 7 clearly illustrates. Designed for gathering
and monitoring data in real-time, the local host monitoring system
comprises of a server and database management system [51]. The server
runs within the local network (intranet) and is powered by the WAMP
stack (Windows, Apache, MySQL, and PHP). The power settings of the
server may be accessed via the Internet by changing its hostname from
local host to a certain domain name. The server is configured with many
databases to hold different power settings [52]. Fig. 8 shows the firm-
ware, which is in charge of creating a connection and uploading data.
Every 5 min, power data is transmitted to the server. Only authorized
users who have successfully authenticated using their credentials are
permitted access to the online site. The subsequent section presents re-
sults and trend graphs derived from the uploaded power data [53] (see
Fig. 9).

6. Results and discussion

This section explores the Intelligent Smart Energy Management
System’s validation as well as the demand-side consumer-focused fore-
cast outcomes. The most accurate predictive system has been deter-
mined by a thorough investigation of many machine learning models.
The experimental setup, detailed in the prior section (Section 4), is
implemented, and diverse scenarios are illustrated to showcase optimal
load scheduling based on assigned priorities, taking into account the
predicted power values. IoT ecosystem is integrated for thorough data
monitoring and analysis as the process comes to a close. Through this
connection, the system’s real-time data monitoring and analysis capa-
bilities are improved, guaranteeing an adaptable and flexible approach
to energy management.
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Fig. 12. Predicting rainy days in July using diverse predictive models
6.1. Analyzing forecasting models

This phase does a study of the data using several machine learning
models in order to determine the most accurate predictive technique. In
order to guarantee accuracy in the models, the method of parameter
tuning is investigated to identify ideal values. The created models are
used to provide month- and day-wise forecasts, providing detailed
insight of performance across many temporal scales. The optimal-
performing model is then identified by a comprehensive error analysis
that follows. In order to improve the Intelligent Smart Energy Man-
agement System’s forecasting accuracy and dependability, a thorough
analysis is being conducted to improve the system’s predictive potential.

6.1.1. Tuning the parameters of optimization methods

Parameter tuning is the practice of experimenting with various
combinations to use the optimization technique to find the most effec-
tive optimal value. A brief summary of the parameter tuning processes
for several algorithms is provided below.
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6.1.1.1. Parameter tuning of support vector regression. In a standard SVR
algorithm, hyper parameters are conventionally chosen randomly.
However, this study employs Particle Swarm Optimization (PSO) as a
general optimization algorithm to pinpoint optimal values for SVR pa-
rameters. PSO looks for the optimal point methodically over the whole
solution space. By using PSO to intelligently walk through the solution
space without having to look at every point; this method drastically cuts
down on the amount of time needed to achieve optimal values.

6.1.1.2. Parameter tuning of artificial neural network. An artificial neural
network has a variable number of neurons in the hidden layer, an
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Table 1
Analysis of errors on a month-wise basis.
Month Error ANN SVM ANN based PSO SVM based PSO Ensemble
December MAE 68.2352 82.9758 66.6141 61.5253 81.7439
MAPE 6.82352 % 8.29758 % 6.66141 % 6.15253 % 8.17439 %
RMSE 109.2051 116.4047 120.6795 110.7607 139.9101
April MAE 71.3958 75.6092 69.9437 62.7569 76.6585
MAPE 7.13958 % 7.56092 % 6.99437 % 6.27569 % 7.66585 %
RMSE 92.9088 115.4521 119.5849 84.8527 101.8459
July MAE 127.9802 129.9028 127.288 116.7738 131.7008
MAPE 12.79802 % 12.99028 % 12.7288 % 11.67738 % 13.17008 %
RMSE 166.6358 163.8629 192.4353 158.8484 202.5224
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size (N), inertia weight (w), and acceleration factors (C1 and C2). The
number of neurons (n) in the hidden layer during this waiting period is
the ANN parameter. It is common practice to choose the inertia weight

at random.

There are other ways to choose the number of hidden layers, accel-
eration factors, and size of the swarm population. The experiment

10

Time(hh:mm:ss)

. 17. Scheduling loads according to their assigned priorities
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Table 4
Device state of operation following Load arrangement.
Devices Device Priority VA Power MDL Device
status Power Demanded (kW) state of
(kw) (kw) operation
Load-A Turn on High 0.06 0.225 0.196  Turn on
the the Switch
Switch
(3 Light)
Load-B Turn on Medium  0.08 0.225 0.196 Turn on
the the Switch
Switch
Load-C Turn on Low 0.085 0.225 0.196 Turn off
the the Switch
Switch

comprises changing the number of hidden layers (n) and the accelera-
tion factors (C1 and C2) while keeping the swarm size constant. Next,
using the previously established optimal swarm size and the same hid-
den layer size (n), the ideal values of the acceleration factors (C1 and C2)
are calculated. In order to determine the optimal value, the final analysis
looks at several combinations of C1, C2, swarm population size, and
hidden layer topologies while accounting for the ideal swarm size and
acceleration factor values (C1 and C2).

6.1.2. On a monthly basis seasonal forecasting with machine learning
methodology

Historical data provide yearly insights into the Berhampur region’s
monthly seasonal forecast, allowing the months to be divided into wet,
summer, and winter seasons. The statistics showed that significant
rainfall occurred in June, July, August, September, and October, with
July being the wettest month. In addition, it was discovered that
December was the coldest month and May was the warmest.

The simulation studies included five distinct predictive models:
ensemble techniques, SVM, PSO-SVM, ANN, and PSO-ANN. In separate
tests, the models were trained using the 2021 and 2022 datasets to es-
timate predictive accuracy, and then they were validated using the 2022
dataset. The predictive models performance was assessed using a variety
of assessment criteria, including MAPE and MAE. Remarkably, in bright
conditions, the PSO-based SVM model performed better than other
models.

Similarly, simulation experiments for winter days utilized training
data from 2020 to 2021, with testing on December 2022 data, as illus-
trated in Fig. 10. Although solar irradiation levels were lower than
during sunny days, the periodic nature of irradiation contributed to
enhance predictive accuracy, with the PSO-based SVM model demon-
strating superior performance. Finally, simulation experiments for rainy
days involved training data from 2020 to 2021, with testing on July
2022 data, as illustrated in Fig. 11. Rainy days exhibited lower and more
erratic solar irradiation levels, leading to a notable increase in error
rates. The PSO-based SVM model consistently performed better than the
other approaches examined. Concluding the analysis, Fig. 12 showcases
the April month predictive for the PSO-based SVM model during the
summer season, along with error metrics. The comprehensive experi-
mentation and comparison across seasons highlight the effectiveness of
the PSO-based SVM model in accurately predicting solar irradiation

Table 5
Analysis of power consumption within the ISEMS.
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Fig. 18. Scheduling loads based on sensed parameters

levels in the Mangalore region.

Figs. 13 and 14, respectively, provide error analysis plots for the
winter and summer seasons. Table 1 offers a thorough month-by-month
comparison using several assessment measures. The PSO-based SVM
model outperforms all other regression models, as seen by Table 1,
particularly in terms of mean absolute percentage error. It’s interesting
to note that the ANN and Ensemble techniques exhibit better accuracy in
December and April as well because these are the months when the data
is more periodic. However, challenges arise in July, the rainy season,
where historical data is characterized by significant randomness, posing
difficulties in accurate predictives. Despite these challenges, the PSO-
based SVM model demonstrates superior performance across diverse
seasonal conditions, affirming its reliability in predicting solar irradia-
tion levels in the Mangalore region.

6.1.3. On a daily basis forecasting using a machine learning method

A comparison of many machine learning-based repressors for fore-
casting solar irradiance on a given day is shown in Fig. 15. The graphic
shows the time (in hours) and the amount of solar radiation, covering
the hours of 7 a.m. to 5 p.m. After being trained on a two-year dataset
extracted from the NSRDB database, the model performance was
assessed daily. Remarkably, among all the implemented forecasting re-
gressors, the PSO-based SVM repressor emerges as the top performer, as
highlighted in Fig. 15. This underscores the robustness and efficacy of
the PSO-based SVM model in accurately predicting solar irradiance
levels throughout the course of a day, showcasing its superiority over
alternative techniques in this specific context.

6.2. Analysis of ISEMS efficiency

This section contains the findings of these experiments from the
several situations that have been presented and analyzed. In order to
demonstrate the efficacy of the energy management system through user
comfort scenarios and cost optimization strategies, the trials run in
which varying orders of priority are assigned to appliances with unique
configurations. To assess the performance of the energy management
system, different priority configurations were assigned to appliances,
reflecting varying levels of importance. Additionally, scenarios were

SEM element  Apparatus The approximate amount Duration of Operation Total Annual Energy
of power used Use (kWh/year)
SEM Device Xbee chip microcontroller with 16*2 LCD display and Ethernet  0.1856 W operates around-the-clock and 1.801
shields.(Data transfer occurs every minute.) displays energy on an LCD screen
Load Module for sensors and power supply 0.8492 W operates around-the-clock and 7.547
Controller small controller displays energy on an LCD screen

Zigbee component
Switches
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Fig. 19. Web access interface and power consumption

explored that where related to user comfort, aiming to optimize energy
consumption while ensuring a satisfactory user experience. Cost opti-
mization techniques were employed to further demonstrate the effi-
ciency of the energy management system in achieving economical
energy consumption patterns.

The results obtained from these experiments provide valuable in-
sights into the system’s adaptability to diverse scenarios and its ability to
balance user comfort with energy efficiency. The analysis of these results
sheds light on the effectiveness and versatility of the energy manage-
ment system, affirming its potential in real-world applications.

6.2.1. Load operation strategy with specified priority using available power

The bank of incandescent bulbs in this particular case is called Load
A and is given the greatest priority, followed by a fan load that is given a
mid-priority. Due to its schedule ability, the battery charging load is
assigned a low priority. The load scheduling function of the Smart En-
ergy Management system is shown in Fig. 16.The maximum demand
(the input from the utility) is set at 196W in Fig. 16. Due to the fact that
the overall power usage stays within the Maximum Demand Limit
(MDL), or available power, all three loads are operating from 9.17.45 p.
m. to 9.20.45PM. Two incandescent lamps are turned on at 8:19:44 p.m.,
which raises the overall power usage above the MDL. In response, the
SEM controller quickly turns off the battery charging load. Afterwards,
at 9:20:45 p.m., an additional bulb (three lights on) is turned on,
increasing the lighting load’s power usage. To keep supply and demand
in balance, the controller, however, disables the second load because the
lighting load alone uses 185W of the 196W MDL.

Table 2 under case (1) provides a summary of the appliance sched-
uling by SEM in this instance, along with comprehensive power usage
data. Altering the load priority order has an impact on the appliance
state after load scheduling, as Table 3 illustrates; this is also noted in the
same table under instance (2). These cases exemplify the adaptability of
the SEM system in managing diverse load configurations and priorities
effectively.

6.2.2. Establishing user preferences using data collected

The SEMS includes a temperature and humidity sensor (the DT H11
module) to improve user comfort. Fig. 17 shows the features of load
scheduling dependent on temperature and humidity. The recommended
SEMS allows users to freely select the lower and higher threshold criteria
for room temperature. The SEMS turns on the fan load controller in
accordance with the room temperature when it rises over these set
limits. The room temperature in Fig. 17 drops below 22 °C at 08:44:21 p.
m., causing the controller to turn off the fan load. The controller then
triggers the fan load at 08:52:17 p.m. because the temperature has risen
over the upper limit of 25 °C.This integration of temperature and
humidity-based load scheduling ensures that the SEMS not only opti-
mizes energy consumption but also prioritizes user comfort by adjusting
loads based on environmental conditions. The system’s responsiveness
to temperature fluctuations exemplifies its capability to provide a
personalized and comfortable environment for users.
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6.2.3. Calculating accuracy and measuring power consumption of ISEMS
units

One specific power meter that is recognized as the industry standard
is used for calibration in this study. Here is the formula used in the
calibration process:

(Measured value - offset factor) *k = (Value observed in ref power
meter)

Here, k stands for the scaling factor. For more than two load sce-
narios, the power levels are recorded from both the reference meter and
this study’s using configuration. The scaling factor and offset factor were
determined using the test module. Evaluating correctness entails taking
into account the subsequent error situations.

Nonlinearity in the ADC

The resistors’ tolerance when used

The precision of the operational amplifiers utilized
The precision of the LEMs’ transducers

An analog-to-digital converter of the successive approximation type
with a precision of 10 bits is included inside the ATMEGA 328 micro-
processor. The ATMEGA328 controller’s datasheet specs state that the
error is +1LSB (Least Significant Bit). As a result, it is found that the
used converter has an accuracy of £0.125 %.The following calculations
have also been done, assuming that the resistors used in the components
have a tolerance of 0.05 %. The instantaneous product value of voltage
(V) and current (I) is used to calculate power (P).

P=V*I 4

The transducer is powered by the power supply unit, which generates
+12V from a main supply of 230V. There might be a 2 % measurement
error in the power supply module. The voltage divider circuit design
uses resistor components with a tolerance of 0.06 %. The fact that 0.95V
is thought to represent the internal reference voltage is interesting.

Therefore, the total error might be responsible for 2 + 0.06 x 2 =
2.12 % = 0.02014v.

V = (0.95+0.02014) x (1 +§—f;> - (’%‘) X Vigm) x Ky The instan-
taneous voltage and current values acquired from the transducer output,
multiplied by the appropriate scaling factor, may be found using the
following equation:

Where, kvi is a voltage scaling factor.

The present measurement is similar to that.

R Rg
R%i) - (R7):> X Viemw) X Kii

The current scaling factor is denoted by Kkii.
The ADC error percentage is +£0.124 %.

I=(0.95+0.02014) x (1 +

6.2.3.1. Voltage accuracy measurement. According to the manufac-
turer’s datasheet, the LEM LV 25P transducer has a secondary coil cur-
rent percentage error of 0.95 %. The RMS output of the LEM transducer
is 1.99V when it receives an input voltage of 230V. The following for-
mula may be used to determine the percentage inaccuracy of VLEM (v)
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while taking into account the tolerances of all resistors used in the
circuit:

Viemw) =LEM(er) + Rg(er) 4+ Ry (er) + Ra(er) + Rs(er)

Where, R2 = 100 kQ, R3 = 100Q.

Vieme) = 0.95% + 0.06% + 0.06% + 0.06% + 0.06% = 1.19% of 1.89v
= 0.023681v

Thus, the equation above may be expressed as,

Ry\ (R
V=(0.95+0.02014) x (1 +R—ﬂ> - (Ri> * Vigw % Ku
1 1

V=(1.8+0.0586) x k,

Consequently, the percentage error in the voltage measurement is
0.0586 + 1.8 = £+3.25 %. Thus, the overall percentage error in voltage
measurement is 3.250 + 0.1250 = £3.375 %.

Current accuracy measurement: A current transducer, such the
LEM LA 25P, can be used to measure the primary current supplied to the
load. A load resistor with a resistance of 100Q encounters a corre-
sponding secondary current (I) of 2 mA when given a transducer with a
nominal current of 2A. An RMS output voltage corresponding to 0.2A is
obtained in the LEM transducer with this arrangement. Thus, it is
possible to calculate the total % inaccuracy in the present transducer in
the following way:

VLEM(i) :LEM(er) + Rﬁ-(er) +R; (er) + Ry (Cr) +R3 (er)

Here, R2 = 1000002, R3 = 100Q.

VLEM (i) = 1.06% of 0.2A = 0.02A

R R;
1=(0.9540.02014) x (1+-2) — () x Vigwg x Ki
R, R,

I1=(1.8+0.0407) x k;

The current measurement error is determined to be +2.260 %. When
incorporating the ADC error, the total error in current measurement
becomes 2.260 % + 0.1250 %, signification in a cumulative percentage
error of +2.3850 %. Consequently, the overall percentage error in
power measurement is computed as the sum of the errors in current
measurement and ADC, which is £5.010 % (2.6250 % + 2.3850 %).

Power consumption measurement: SEM units, operational 24 h a
day throughout the entire year, play a significant role in the overall
annual electricity consumption. The energy use of the load controllers
used in the experiment was examined as well as the SEM unit that was on
display in order to mitigate this effect. Table 4 provides an estimate of
the power usage for these parts (see Table 5).

6.3. Energy monitoring system with Internet of Things environment

To utilize the webpage’s functionality, users must input their login
credentials on the login screen, which is shown in Fig. 18. Upon suc-
cessful login, users are granted access to the main page, enabling them to
explore and make use of the diverse functionalities available.

Users may choose from a variety of laboratories, watch trend graphs
of energy use, obtain power usage statistics, and monitor energy con-
sumption in real time all from the main page. Fig. 19 displays load-wise
power information, including RMS current, power demand, power fac-
tor, energy consumption, and a load’s assigned priority, inside the
developed SEMS.The total energy utilized by the selected laboratory will
be displayed on a display at the bottom of the page. As seen in Fig. 19,
the home page has a facility to display the trend graph illustrating the
power consumption of various loads.
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7. Conclusion

The ISEMS is intended to provide a demand-side energy management
platform with a focus on the integration of renewable energy sources.
The Smart Energy Management unit’s power negotiation algorithms are
developed and tested in a controlled laboratory environment by ISEMS,
which also performs tests to demonstrate the efficacy of these algo-
rithms. The ISEMS is centered on making the best use of renewable
energy sources, especially when there is less available power generation.
This optimization is made possible by precise solar irradiation forecasts
made both one month and one day in advance. The system successfully
lowers the utilization of low-priority, or non-critical appliances. Exper-
iments conducted in real time show that only appliances with higher
priorities can operate under demand limit limitations. To create
dependable predictive models, a number of machine learning techniques
are examined, including ensemble methods, PSO-based SVM, Artificial
Neural Networks Support Vector Machines, and Particle Swarm Opti-
mization based ANN. Two metrics are utilized in model comparisons:
MAE and Mean Absolute Percentage Error. The PSO-based SVM model
works better than earlier models seen in the literature today. The
automatic hyper parameter change of the PSO optimization approach is
responsible for this benefit.
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