== Asia Pacific

“mm Academy of Science Pte. Ltd.

Article

Computer and Telecommunication Engineering 2024, 2(1), 2372.
https://doi.org/10.54517/cte.v2i1.2372

Artificial neural network-based home energy management system for smart

homes

Abdullahi Ijala!, Olabode Idowu-Bismark*®, Jemitola Olugbeji’, Ali Obadiah!, Oluseun Oyeleke'

! Department of Computer Engineering, Nile University of Nigeria, Abuja 900001, Nigeria

2 Department of Electrical and Information Engineering, Covenant University, Ota 112104, Nigeria
3 Air Force Institute of Technology, Kaduna 800282, Nigeria

* Corresponding author: Olabode Idowu-Bismark, idowubismarkolabode@gmail.com

CITATION

Ijala A, Idowu-Bismark O, Olugbeji
J, et al. Artificial neural network-
based home energy management
system for smart homes. Computer
and Telecommunication Engineering.
2024; 2(1): 2372.
https://doi.org/10.54517/cte.v2i1.237
2

ARTICLE INFO

Received: 10 November 2023
Accepted: 28 December 2023
Available online: 12 January 2024

COPYRIGHT

Copyright © 2024 by author(s).
Computer and Telecommunication
Engineering is published by Asia
Pacific Academy of Science Pte. Ltd.
This work is licensed under the

Creative Commons Attribution (CC
BY) license.
https://creativecommons.org/licenses/
by/4.0/

Abstract: Energy efficiency is widely recognized as one of the most significant and
economical ways to lower greenhouse gas (GHG) emissions. The aims and goals are that smart
meters can evaluate and communicate in-depth real-time electricity usage, enable remote real-
time monitoring and management of power consumption, and provide consumers with real-
time pricing and analyzed usage information. The house energy management controller decides
which loads will be powered based on the real home energy demands and the predefined load
priorities. Artificial intelligence (AI) is being used increasingly in control applications due to
its great effectiveness and efficiency. As a result, in this work, the author designed, simulated,
and optimized an artificial neural network-based model simulation framework that simulates a
home with a variety of home appliances and optimizes the total energy consumption of the
home realistically through intelligent control of home appliances. The MATLAB application
was used to model and examine the performance of four common household appliances: the
water heater (WH), washing machine (WM)), air conditioner (AC), and refrigerator (RG). The
result shows a considerable reduction and savings in energy consumption without a decrease
in consumer comfort.

Keywords: home energy management; smart home; artificial neural network; energy
consumption; energy saving

1. Introduction

Energy efficiency, which is defined as utilizing less energy for a given amount of
output or even more, is widely recognized as one of the most significant and
economical ways to lower greenhouse gas (GHG) emissions [1]. Successful energy
efficiency projects generally increase a company’s total efficiency in addition to the
environmental benefits, such as boosting productivity and competitiveness. The
building sector is a key energy user worldwide, providing a large portion of overall
energy production. As a result, energy efficiency must be managed with the goals of
energy savings and reduced environmental impact [1,2]. For managing the energy-
consuming equipment in a facility, an energy management system (EMS) is a useful
tool. A smart home energy management system (HEMS) has sensors that detect
temperature, humidity, sunshine, energy, gas, and water. The smart HEMS center,
equivalent to the brain, is the epicenter of the entire smart electricity home. It is the
core of HEMS and implements smart energy management [3]. The main functions of
a smart HEMS center can therefore be defined as a home that guarantees energy
management services for efficient monitoring and management of power generation,
conservation, and storage designed within the smart home [4]. HEMS can empower
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customers to improve energy usage and reduce electricity bills by switching OFF and
ON power to devices to curtail their loads in response to electricity tariffs during peak
periods without compromising customers’ lifestyles and preferences [5]. The tracking
of electricity consumption at all points is automated with smart meter technology.
They are more capable of collecting vast amounts of data than the manual energy meter
reading system. Because many more variables are taken into consideration, this allows
for the application of data analysis tools and the development of very credible
consumption forecasts [6,7]. It is also possible for various appliances in a home to run
in the most efficient commercial way through different mathematical and heuristic
optimization techniques within the HEMS center [8]. Figure 1 is the HEMS concept,
showing the various inputs to the HEMS system to make a smart home.
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Figure 1. HEMS concept [3].

Specific structures of a smart HEMS center comprise five major functioning
modules [4]: monitoring, which makes real-time information regarding energy usage
patterns accessible. Logging collects, saves, and analyzes the demand response for
real-time prices based on the data information about the unit of electricity consumed
by each appliance. Control includes direct control by the HEMS or remote controls by
the customers through various other systems and devices, e.g., personal computers
(PCs) or smartphones. Management is one of the primary functions of HEMS, which
improves both optimizations and efficiency in electrical power utilization within the
smart home. Finally, alarms produced are passed on to the smart HEMS center, where
information regarding fault locations, types, etc. is stored [3]. The most dominant role
considered for this research is the intelligent monitoring function, which is performed
by the machine learning algorithm used in the monitoring module of the HEMS
controller. The home energy management controller decides which loads will be
powered based on the available photovoltaic (PV) generated, the real home energy
demands, and the predefined load priorities [9]. Artificial intelligence (Al) is being
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used increasingly in HEMS control applications due to its great effectiveness and
efficiency in understanding the features and behavior of the loads and their preferences,
which is crucial when designing a system for residential customers using a demand
response (DR) approach.

Many authors have researched the HEMS, including authors [10—14]. Only one
of the solutions presented by Timilehin et al. [ 10] uses an artificial intelligence module
in the HEMS, while others are deficient in this area. The authors conclude that a home
energy management system should be combined with the home automation system
that controls the rest of the house. The authors [11] further support the definition
presented by Timilehin et al. [10], while Shahriar et al. [12] extend the definition by
putting the research on HEMS into two categories, namely predictive energy
management and real-time energy management. The authors also propose a system
that utilizes machine learning to help limit energy waste and be eco-friendly. Molla et
al. [8] present a complete study of various optimization techniques used in smart
HEMS, such as ant colony, bee colony, binary linear programming scheme, particle
swarm optimization, etc. Similar to the work of Molla et al. [8] is the work of Krishna
et al. [15], where the energy management system is implemented using fuzzy logic.
Kleiminger et al. [13] mentioned that motion sensors and cameras are used in
households and buildings for monitoring occupancy, whereas motion sensors and
smart meters are used for energy consumption metering. In the case of Koehler et al.
[14], most users control their ambient temperature by manually controlling their
thermostat; however, some households use programmable thermostats that follow a
static schedule. Aliero et al. [16] present an analysis of a smart home energy
management system with the strategies, techniques, and constraints used in current
HEMS and various factors that affect its overall functionality and operation.
According to Hou et al. [17], the smart HEM is an optimization problem with multi-
dimensional variables and multiple constraints, where the variables include discrete
and continuous ones. Generally, heuristic algorithms are often used to solve the above
problem, as also enumerated by Molla et al. [8]. Such heuristic algorithms include
genetic algorithms [18], particle swarm optimization algorithms [19], the cuckoo
search algorithm and strawberry algorithm [20], and the ant colony algorithm [21].
When faced with multivariate problems, due to the poor efficiency, high complexity,
and inaccuracy of heuristic algorithms, mixed integer linear programming (MILP) was
used by Hou et al. [17] as an alternative method that can achieve the unique optimal
solution rapidly and precisely. In the work of Akbarzadeh et al. [22], green computing-
enabled artificial intelligence (AI) algorithms were used to provide impactful solutions
to the problem of environmental contamination in smart home energy management.
The authors propose using one of the recurrent neural network (RNN) algorithms
known as long short-term memory (LSTM) to comprehend how it is feasible to
perform the cloud/fog/edge-enabled prediction of the building’s energy. In the work
of Gomes et al. [23], the paper presents a new HEMS with a mixed-integer linear
programming (MILP)-based model predictive control (MPC) approach to home
energy management systems. This approach allows the authors to obtain better results
than an approach purely using MILP by having access to updated information at every
moment. The results of a real-world case study show the superiority of MILP-based
MPC over MILP and over experimental results. The authors of Nakip et al. [24]
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propose an advanced ML algorithm called Recurrent Trend Predictive Neural
Network-based Forecast Embedded Scheduling (rTPNN-FES) to provide efficient
residential demand control. rTPNN-FES is a novel neural network architecture that
simultaneously forecasts renewable energy generation and schedules household
appliances. Through its embedded structure, rTPNN-FES eliminates the utilization of
separate algorithms for forecasting and scheduling and generates a schedule that is
robust against forecasting errors.

In this work, the author designed, simulated, and optimized an artificial neural
network-based HEMS controller framework that can simulate a home with a variety
of home appliances and optimize the total energy consumption of the home
realistically through intelligent control of the home appliances. The primary
contribution of this work is its attentiveness to the modeling of domestic appliances.
This work proposes an artificial neural network-based HEMS controller to achieve
power savings using DR events and scheduled operation of appliances at specific times
following appliance priority and customer lifestyle.

2. Methodology

This work uses an artificial neural network (ANN) based on home energy control.
The MATLAB application was used to model and examine the performance of four
common household appliances: the water heater (WH), washing machine (WM), air
conditioner (AC), and refrigerator (REF). Figure 2 shows the methodology block
diagram.

Intligently
Identify Intelligent control the

Measure energy consumption decision ON/OFF of

pattern making the
apppiances
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Figure 2. The general methodology block diagram.

The four appliances are managed per client preferences and appliance priority.
These household appliances were chosen for DR execution in residential buildings
because they consumed more energy than other appliances and were used the most
frequently.

HEMS architecture is shown in Figure 3, while Table 1 is the utility mapping to
appliances.
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Figure 3. The utility connection with the intelligent house control.
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Table 1. Utility mapping to appliances.

Utility Appliances
Utility 1 Water heater
Utility 2 Microwave
Utility 3 Refrigerator
Utility 4 Air conditioner
Utility 5 Washing machine

2.1. Air condition

The mathematical expression of the AC load represented by y;, which is used to

find all AC operating parameters is formulated to determine the appropriate AC load

model. The AC operating parameters are grouped into the temperature set points, the

building structures, and the characteristics of the AC model. The input parameters for

the ANN are the outside ambient temperature, the heat gain of the occupier, and the
room temperature at time ¢. Table 2 shows the load characteristics for the air

conditioner.

Table 2. The load characteristics of the air-conditioner.
Parameter Value
Model AC-LG
Rated power (Watt) 1200 W
The capacity of the cooling 10,000 Btu
The volume of the airflow 420 m3/h
The number of people 5
House area 110 (m?)

Afla Awair> Ace, and Ayyin

Window area facing south 4,5

Rfls Rwalls Rcea and Rwin
Occupant heat gain m,,

Solar heat gain coefficient Sy

110, 150, 110, 7 (m?)

6.4 (m?)

10, 12, 32, 49 (°C. M. h/Btu)
392.38 (Btu/h)

0.67

The above various parameters are related in the mathematical expression of the

AC load represented by y; below:

Ve = SHGC + (mp X Np)

A A
+ <£ 4 Zwal
Rfl Rwal

+ (Z X X X Vyps) X (Tout,t - Tr,t)) + AwingHsoLar

2.2. Water heater

Ace

Rce

A,
wm) X (Tout,t - Tr,t)

Rwin

)

Device characteristics and set point temperature are two categories and criteria
of WH. The load features of the electric water heater at 4 kW of rated power and
voltage of 220-230 Vac are shown in the table below. Table 3 shows the load
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characteristics for the water heater.

Table 3. The load characteristics of the water heater.

Parameter Value

Power rated P, (kWatt) 4 KW

Tank size 25L

The volume of the tank Vol;qny 0.0502 m?

Ambient temperature T, At room temperature
Heat resistance R;gnk 10 (°C.m>.h/Btu)
The base area of the tank A4, 2.5m?

2.3. Washing machine and refrigerator

There are the vertical axis and horizontal axis types of the washing machine
(WM), both of which work based on the induction motor principle. The refrigerator
(REF) which uses the compressor is also based on the induction motor principle. The
WM and REF are modeled using different approaches. In this work, a power quality
analyzer was used to collect data which is used in the WM and REF models. The
models were developed in a MATLAB environment using resistors and reactance.

2.4. Calculating power consumption by appliances

The formula for estimating energy consumption:
Wattage X Hours used per day

1000
where 1 kilowatt (kW) = 1000 Watts. Daily Kilowatt-hour is multiplied by the number
of days the appliance is used in a year to get the annual consumption in kWh per year.

= Daily Kilowatt — hour (kWh)

Estimating annual cost to run an appliance: Multiply the annual consumption in kWh
per year by the local utility’s rate per kWh consumed to calculate the annual cost to
run an appliance. To estimate the number of hours that a refrigerator operates at its
maximum wattage, the total time the refrigerator is plugged “ON” is divided by three
since it cycles on and off as needed to maintain interior temperatures and the
compressor is “OFF” during the cycle off.

2.5. Wattage

The wattage of most appliances is stamped on the bottom or back of the appliance,
or its nameplate. Alternatively, it can be estimated by finding the current drawn (in
amperes) and multiplying that by the voltage used by the appliance. The power of
various appliances in Watts is shown in Table 4.

Table 4. Typical wattage of various appliances.

Appliances Power in Watts

Coffee maker 900-1200

Clothes washer 350-500

Clothes dryer 1800-5000

Dishwasher 1200-2400 (drying consumes more energy)
Refrigerator (frost-free) 16 cubic feet)

Water heater (40 gallons) 4500-5500

Water pump (deep well) 250-1100
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2.6. Appliance priority and customer lifestyle

The proposed algorithm is designed to be able to swap customer load and control
AC, WH, REF, and WM to reduce power consumption. The algorithm begins by
examining all of the aforementioned appliances’ data and information. As indicated in
Table 3, each home appliance including the air conditioner, water heater, washing
machine, and refrigerator is compared to several set points, including load priority,
power consumption, and user preference for temperature settings as in Table 5.

Table 5. Appliances load and power rating characteristics.

Home appliances Customer lifestyle Power rating
Air conditioner Temperature 22-26 °C 1.25 KW
Water heater Temperature: 4048 °C 4 KW
Washing machine Different intervals 0.3 KW
Refrigerator 24h 0.616 KW

2.7. Using ANN to design a demand response tool

The demand response technique of energy management creates optimal schedules
for energy consumption by considering load profiles, cost of energy, level of comfort
of the occupier, and environmental concerns. With the deployment of smart meters, it
is possible to control the load by using a HEM system with demand response (DR)
enabled appliances. In this research work, a neural network technique was developed
to control the energy in the building with a DR strategy. It is used to reduce the peak
demand load, reduce the electricity cost, and reduce the power consumption for the
appliances while maintaining customer comfort. The electrical appliances such as air
conditioning (AC), electric water heater (WH), washing machine (WM), and
refrigerator (RF) were modeled using the MATLAB program. The ANN structure has
six inputs, and four outputs as shown in Table 6, with the sigmoid activation function,
and two hidden layers as well. 70% of the data generated were allocated to training
the model while 30% were allocated to testing the model.

Table 6. Description of the input layer and output layer.

Input layer (IoT sensors) Output layer
Total power consumed Turn on
Temperature Turn off

Time of the day Lower power mode
DR signal Hibernate
Operating hours Sleep

Duty cycle

According to client preferences, comfort level, and appliance priority, the four
household appliances are turned ON and OFF by the ANN controller’s output of binary
numbers. One neuron from the output layer represents the signal used to turn on or off
cach of the three groups of appliances following their predetermined order of
importance [25].
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3. Results and discussion

In other to use Al for HEMS, the customer has to define certain rules that control
the energy management policy in the home. In this simulation, the two most energy-
consuming appliances which are AC and Water heater are used to demonstrate how Al
can be used for smart energy management. Table 7 below shows the customer’s
lifestyle preferences.

Table 7. Customer’s lifestyle preferences.

Home appliances Customer lifestyle Power rating
Air conditioner Temperature 22-26 °C 1.25 KW
Water heater Temperature 4048 °C 4 KW

The sample data used below was generated according to random data collected
from IoT sensors and Binary sequence demoting when appliances are ON and OFF
according to customer lifestyle. Table 8 is a sample input training data set.

Table 8. Sample of input training dataset for water heater.

Time Temp of room AC (ON/OFF) Temp of water WH (ON/OFF)
0.00 21 0 37 0
0.30 19 0 34 0
1.00 20 0 31 0
1.30 19 0 40 1
2.00 18.5 0 41 1
2.30 18 0 42 1
3.00 17.5 0 43 1
3.30 17 0 44 1
4.00 22 1 45 1
4.30 21.4 1 46 1
5.00 22 1 47 1
5.30 21 1 48 1
6.00 24 1 37 0
6.30 25 1 34 0
7.00 21 0 31 0
7.30 19 0 28 0
8.00 20 0 25 0
8.30 19 0 22 0
9.00 18.5 0 19 0

9.30 18 0 16 0
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Table 8. (Continued).

Time Temp of room AC (ON/OFF) Temp of water ‘WH (ON/OFF)
10.00 17.5 0 13 0
10.30 17 0 10 0
11.00 16.5 0 37 0
11.30 16 0 34 0
12.00 22 1 31 0
12.30 214 1 28 0
13.00 22 1 25 0
13.30 21 1 22 0
14.00 24 1 19 0
14.30 25 1 16 0
15.00 25.5 1 13 0
15.30 242 1 10 0
16.00 23.3 1 10 0
16.30 24.8 1 10 0
17.00 223 1 16 0
17.30 23.8 1 40 1
18.00 22.6 1 41 1
18.30 21 0 42 1
19.00 19 0 43 1
19.30 20 0 44 1
20.00 19 0 45 1
20.30 18.5 0 46 1
21.00 18 0 47 1
21.30 17.5 0 48 1
22.00 17 0 10 0
22.30 16.5 0 37 0
23.00 16 0 34 0
23.30 15.5 0 31 0

The model was trained with the Bayesian regularization algorithm. The need for
extensive cross-validation can be decreased or eliminated with Bayesian regularized
artificial neural networks (BRANNSs), which are more resilient than traditional back-
propagation nets. A mathematical technique known as Bayesian regularization turns a
nonlinear regression into a “well-posed” statistical problem like a ridge regression.
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The benefit of BRANNS is that the models are robust, eliminating the need for the
validation step that scales as O(N2) in conventional regression techniques like
backpropagation. Figure 4 shows the difference in training and testing mean squared
error which decreases with each epoch as the network learns the data.

Best Training Performance is 0.048163 at epoch 7
100 L

Train
Test

Mean Squared Error (mse)
=

102t . . . . ‘ ‘ j
0 1 2 3 4 5 6 7

7 Epochs

Figure 4. Best training performance.

Figure 5 shows a comprehensive representation and evidence obtained from
training, validation, and testing phases where the calculated R values converge towards
1 meaning that the created network model almost exactly fits the problem.
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3.1. AC estimated energy consumption without and with ANN smart
energy

Table 9 shows the AC consumption without ANN assuming the AC is always on
and not controlled intelligently by the Al smart system. A total of 29 KWH was
consumed by a 1.4 KW AC. Table 10 shows the AC consumption with ANN where
the AC is ON/OFF controlled intelligently by the Al smart system. A total of 12.7
KWH was consumed by a 1.4 KW AC. This represents a 56.6% reduction in power
consumption when compared to consumption without ANN.

Table 9. AC consumption without ANN.

Temp Signal  Status  Time (mins) KWH
20.00 1 ON 30 625.000
20.00 1 ON 29 604.167
27.40 1 ON 12 250.000
19.00 1 ON 12 250.000
24.00 1 ON 55 1145.833
19.60 1 ON 22 458.333
21.00 1 ON 21 437.500
24.00 1 ON 78 1625.000
25.00 1 ON 110 2291.667
24.00 1 ON 67 1395.833
21.00 1 ON 112 2333.333
19.00 1 ON 32 666.667
22.40 1 ON 89 1854.167
20.00 1 ON 90 1875.000
19.00 1 ON 100 2083.333
18.50 1 ON 57 1187.500
18.00 1 ON 32 666.667
24.60 1 ON 44 916.667
17.50 1 ON 88 1833.333
22.60 1 ON 34 708.333
19.57 1 ON 120 2500.000
18.57 1 ON 98 2041.667
17.57 1 ON 34 708.333
16.57 1 ON 34 708.333

ON 1400 29,166.667

11
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Table 10. AC Consumption with ANN.

Temp °C ANN output BN Status Time in minutes KC
20 0.4 0 OFF 30 0
20 0.435 0 OFF 29 0
27.40 0.25 0 OFF 12 0
19 0.435 0 OFF 12 0
24 1.1 1 ON 55 1145.83
19.60 0.4 0 OFF 22 0
21 0.25 0 OFF 21 0
24 1.1 1 ON 78 1625
25 0.83 1 ON 110 2291.67
24 0.77 1 ON 67 1395.83
21 0.8 1 ON 112 2333.33
19 0.28 0 OFF 32 0
22.40 0.85 1 ON 89 1854.17
20 0.35 0 OFF 90 0
19 0.43 0 OFF 100 0
18.5 0.23 0 OFF 57 0
18 0.22 0 OFF 32 0
24.60 1 1 ON 44 916.67
17.50 0.26 0 OFF 88 0
22.6 0.8 1 ON 34 708.33
19.57 0.26 0 OFF 120 0
18.57 0.43 0 OFF 98 0
17.57 0.33 0 OFF 34 0
16.57 0.41 0 OFF 34 0
1400 12,270.83

BN = Binary normalization, KC = KWH consumption.

3.2. WH estimated energy consumption without and with ANN smart

energy

Table 11 shows the WH consumption without ANN and the Al smart system. A
total of 93.33 KWH was consumed by a 4 KW WH. Table 12 shows the WH
consumption with ANN with the WH controlled intelligently by the Al smart system.
A total of 31.733 KWH was consumed by a 4 KW WH. Compared to the no Al
scenario, this is a 61% reduction in energy savings.

12
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Table 11. WH consumption without ANN.

Temp °C Signal Status Time Energy consumption
39.9 1 ON 22 1466.667
26 1 ON 29 1933.333
16 1 ON 30 2000
25 1 ON 32 2133.333
44 1 ON 32 2133.333
48 1 ON 34 2266.667
45 1 ON 34 2266.667
49.9 1 ON 34 2266.667
47 1 ON 44 2933.333
34 1 ON 55 3666.667
43 1 ON 57 3800
28 1 ON 67 4466.667
37 1 ON 78 5200
47 1 ON 88 5866.667
25 1 ON 89 5933.333
31 1 ON 90 6000
47 1 ON 98 6533.333
31 1 ON 100 6666.667
28 1 ON 110 7333.333
39 1 ON 112 7466.667
46 1 ON 120 8000
93,333.33

Table 12. WH Consumption with ANN.

Water temp °C ANN output NBO Status Time in minutes KWH
39.9 0.4 1 ON 22 1466.67
26 0.1 1 ON 29 1933.33
16 -0.2 1 ON 30 2000.00
25 0.4217 1 ON 32 2133.33
44 0.8 0 OFF 32 0

48 0.85 0 OFF 34 0

45 0.9 0 OFF 34 0

49.9 0.95 0 OFF 34 0

47 0.82 0 OFF 44 0

34 0.3 0 ON 55 0

43 0.65 1 ON 57 3800.00
28 0.4067 0 OFF 67 0

37 0.4 0 OFF 78 0

47 0.82 1 ON 38 5866.67
25 0.4217 0 OFF 89 0

31 0.43 0 OFF 90 0

47 0.9 1 ON 98 6533.33
31 0.43 0 OFF 100 0

28 0.406667 0 OFF 110 0

39 0.41 0 OFF 112 0

46 0.87 1 ON 120 8000
NBO means Normalized Binary Output 1400 31,733.33

13
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3.3. Summary of results

Table 13 shows the air conditioner and water heater energy consumption without
ANN and with ANN, the cumulative energy consumption and the total energy with
ANN are also shown to be more than 60% of total energy consumption thereby
showing the efficiency of the ANN-based HEMS. The same analysis can be done for
other appliances such as the washing machine, coffee machine, etc.

Table 13. Various appliances energy consumption and saving with ANN.

AC without Al 29,166.67

122,500.00
WH without AI 93,333.33
AC with Al 12,270.00

44,003.33
WH with AI 31,733.33

64% energy saving

3.4. Deployment

This model calculates heating costs for a generic house. Opening the model loads
the information about the house from the sldemo _househeat data.m file. The file does
the following:

e  Defines the house geometry (size, number of windows).

e  Specifies the thermal properties of house materials.

e  Calculates the thermal resistance of the house.

e  Provides the heater characteristics (temperature of the hot air, flow rate).
e  Defines the cost of electricity.

e  Specifies the initial room temperature (20 °C = 68 °F).

The ANN model can be deployed in a scenario shown in Figure 6 where the
smart controller can be used in a house thermal system. The continuous and
uncontrolled usage of heating or cooling appliances will always increase energy
consumption. The ANN model can control the switching of these appliances based on
customer lifestyle as stated above.

Thermal Model of a House

Nale: Time given in unils of hous

] berwer
o [ [fema
qFal B S
— 2 FealFiow
Antanha Tharmostat
to Calsius AN
Hezler FiolResuizs
+
L0 =
L it
-
House

“arlallon

Tamparalures

a

Figure 6. Practical deployment of ANN in a modelled home heating system.
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4. Conclusion

The suggested model will automate the procedure for automatically switching
between the most profitable energy source at a particular time and instance based on
customer lifestyle. The results show that when the proposed framework is utilized,
smart homes usual energy usage is reduced since they are OFF when not in use. The
results show how much energy is used by household appliances in a single day. The
system that was developed enables the use of smart intelligent ANN as a controller in
a smart meter. Due to the not too clear ANN model’s stability, we recommend
extending the number of epochs used in the ANN to better evaluate the model’s
performance in a stable condition.

This study is expected to create new possibilities for IoT and big data platforms
for smart energy management. The system architecture creates a smart EMS that can
be used in the microprocessor of a smart meter.
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