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Abstract

Home energy management systems (HEMS) are designed to
monitor and optimize residential energy consumption. This paper
proposes an approach that integrates artificial intelligence (Al)-
based optimization with a supervisory control and data acquisition
(SCADA) system within an HEMS implemented on a Raspberry Pi
embedded device using Node-RED and Python. The novelty of this
work lies in enabling real-time SCADA monitoring and Al-based
optimization on a single embedded platform. The theoretical
implication of this study is the conceptualization of an integrated
edge-based optimization design for HEMS, where multiobjective
scheduling is embedded within the operational layer of the system
architecture, contributing to the development of decentralized and
edge-enabled energy management systems. The contributions
include: (1) the development of an integrated SCADA-AI framework
for real-time load scheduling on an embedded device; (2) the
formulation of a multiobjective optimization model that minimizes
grid-imported energy, maximizes photovoltaic (PV) utilization, and
reduces the peak-to-average ratio (PAR); and (3) the comparative
evaluation of three meta-heuristic algorithms—genetic algorithm
(GA), particle swarm optimization (PSO), and ant colony
optimization (ACO)—using real loT-based SCADA monitoring data.
The system schedules household loads, including the water heater,
rice cooker, washing machine, and microwave oven. Experimental
results show that GA achieved the best performance, reducing grid
energy by 6.91%, increasing PV utilization by 14.91%, and lowering
PAR by 24.44% compared to random scheduling. The execution
times of GA, PSO, and ACO on Raspberry Pi 5 were 0.70 s, 0.38 s,
and 1.42 s, respectively, demonstrating suitability for real-time
embedded applications.
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INTRODUCTION

Electricity consumption contributes
approximately 40% of carbon emissions [1].
Intelligent energy management systems are
required to control and monitor energy
consumption  effectively. Because of the
increasing number of electrical appliances in
residential homes, home energy consumption is

expected to increase by 40% over the next 20
years [2]. This has created both opportunities and
challenges in developing a home energy
management system (HEMS) [3].

HEMS has attracted the attention of
researchers in conducting and implementing
related research. The existing related studies can
be grouped into three main categories: Al-based
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optimization approaches, loT-based HEMS
implementations, and supervisory control and

data  acquisition (SCADA)-based energy
management systems (EMS), as described
below.

The application of artificial intelligence (Al)
techniques to solve optimization problems in
HEMS was studied in [4]. Energy management
based on fuzzy logic has been proposed for the
power allocation of household loads and
photovoltaic (PV) [5]. The optimal scheduling of a
home energy system using multiobjective integer
nonlinear optimization was proposed in [6]. This
method reduced the daily operational costs from
34.1% to 81.6%. In [7], a genetic algorithm (GA),
binary particle swarm optimization (BPSO), and
wind-driven optimization (WDO) were proposed
to solve optimization problems for managing
supply and demand in the integration of smart
grids and home energy management. Fusion-
based machine learning techniques have also
been proposed to predict home energy
consumption more accurately [8]. The algorithm
fuses artificial neural network (ANN) and support
vector machine (SVM) techniques using the fuzzy
approach. A load scheduling method that utilizes
mixed-integer linear programming (MILP) was
proposed in [9]. A combination of integer
programming and reinforcement learning (RL)
techniques was proposed in [10] to achieve
energy efficiency in HEMS. In this approach, an
MILP was used for load scheduling, and an RL
controller was used for battery charging and
discharging.  Although  these  approaches
demonstrate strong optimization performance,
most are formulated as offline optimization

models and often neglect real-time
implementation, including real-time monitoring
features.

In [11], a predictive and feedback-based
algorithm was proposed to reduce home energy
consumption while maintaining standard user
comfort. The system was implemented in real-
time using a fog-based Internet of Things (loT)
architecture. An actual implementation of an
HEMS utilizing data from loT-based appliances
was developed in [12] to minimize energy costs
using mixed-integer programming (MIP). In [13],
the long short-term memory (LSTM) algorithm
was employed to classify home appliances using
a dataset obtained from smart meters. The
backtracking search optimization algorithm (BSA)
and BPSO have also been used for optimal home
load scheduling [14]. In addition, an loT-based
multiagent system has been proposed for real-
time implementation. These approaches enabled
real-time HEMS implementation for energy
optimization; however, they are supported by

standard or limited Graphical User Interfaces
(GUIs), such as provided by the MATLAB GUI
[12], a specific mobile application [13], and the
ThingSpeak platform [14].

SCADA is an established system with a
sophisticated GUI for monitoring, control, and
supervision, which is a standard approach in
critical infrastructures such as electricity
generation and networks, water supply, oil
pipelines, transportation systems [15], renewable
resources [16], and building applications [17],
[18]. In [19], a SCADA system was used to
monitor daily power consumption and production
from several energy resources (PV, battery
system, and main grid), enabling real-time energy
management projects. The SCADA system in
[20] was used to improve the efficiency of the
energy prediction algorithm in the open-pit mining
industry. The security issues of SCADA systems
in an energy management system (EMS) were
studied in [21][22]. loT-based SCADA was used
for real-time monitoring, fault detection, and
maintenance prediction of a large PV system
[23]. An loT-based supervisory control and data
acquisition (SCADA) system was developed in
[24] to monitor the power consumption of home
appliances in real-time. In [25], an experimental
testbed using an loT-based SCADA was
developed to monitor and control loads in a
lecture room. SCADA applications were used to
implement the human—-machine interface (HMI)
for energy management and to simulate the
loads in the lecture rooms. In [26], a fuzzy-based
embedded system and SCADA were integrated
for load scheduling in an HEMS with a grid-
connected PV. In these approaches, the adoption
of SCADA in the EMS can be categorized into:
performing rule-based energy management
[19][25], monitoring and control with the Al-
based EMS developed in a separate layer [20,
21, 22], or device [26], and monitoring and
detection [23][24].

As described previously, although several
studies have implemented SCADA and Al-based
optimization techniques for the EMS, these
components are typically developed and

operated separately. In conventional or
proprietary SCADA systems, the direct
implementation of Al algorithms is often

constrained by limited computational resources
and vendor-specific software environments
designed primarily for monitoring and control.
However, recent loT-based and open SCADA
platforms increasingly support edge computing,
enabling closer integration with Al-based
optimization techniques, though such techniques
are still rarely developed, especially for HEMS
applications. Therefore, this study aims to fill this
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research gap by developing a unified SCADA-AI
framework implemented on a single device,
namely a Raspberry Pi, for home load
scheduling. It leverages Node-RED programming
[27] to develop the SCADA system, with a Python
program to enable easy Al implementation on the
embedded device.

To further position this study within recent
developments in optimization techniques for
HEMS, a comparative-analytical perspective is
presented below. Recent studies have adopted
advanced multiobjective optimization
frameworks, such as Pareto front-based
evolutionary algorithms, such as non-dominated
sorting GA (NSGA-II [28] and NSGA-III [29]) and
multiobjective evolutionary algorithm based on
decomposition (MOEA/D) [30], which generate a
set of non-dominated solutions that represent
optimal trade-offs among multiple objectives.
Additionally, Deep RL [31] was also adopted in
the HEMS, enabling the system to learn optimal
policies based on environmental conditions and
user behavior.

Despite their strong theoretical capabilities,
those approaches are often computationally
expensive and are typically implemented in
simulation environments or high-performance
computing platforms. In practical HEMS
deployments, especially on embedded or edge
computing devices, computational efficiency and
real-time operation are preferred considerations.
Therefore, in this study, since the proposed
approach is based on an edge-oriented
optimization framework that balances
multiobjective optimization with computational
feasibility, meta-heuristic optimization techniques,
such as GA, particle swarm optimization (PSO),
and ant colony optimization (ACO), were
adopted. These algorithms can solve nonlinear
and multiobjective problems while remaining
feasible for embedded implementations. Instead
of explicitly constructing a full Pareto front, the
multiobjective problem is formulated using a
weighted-sum method and evaluated using GA,
PSO, and ACO. This approach enables efficient
real-time scheduling on an embedded device
while still addressing multiple objectives in HEMS
applications.

The main contributions of the proposed
work are:

* Integration of SCADA and Al-based
optimization techniques for real-time home
load scheduling on a single embedded
device.

* The optimal daily scheduling of household
loads in a grid-connected PV system, which
considers three main performance criteria:
(i) minimizing grid-imported energy, (ii)

maximizing the PV utilization, and (iii)
minimizing the PAR of the total load profile.

« The evaluation of three meta-heuristic
optimization techniques —GA, PSO, and
ACO—for solving multiobjective optimization
problems in home load scheduling.

* Open-source software and hardware
platforms, namely Node-RED and
Raspberry  Pi, for low-cost HEMS

implementation.

* An loT-based SCADA system for real-time
home appliance power monitoring and data
collection.

METHOD
System architecture

The configuration of the integrated Al- and
SCADA-based HEMS is shown in Figure 1. It
consists of three main parts: sensors, a controller
hardware platform, and a software platform.
Sensors are used to measure PV, grid, and home
appliance power. The power data are then sent
to the SCADA for further processing. The
controller hardware platform consists of the main
controller of the HEMS, that is, the Raspberry Pi-
embedded device. This device is used to
implement the two main tasks: SCADA and Al-
based load scheduling. The software platform
consists of Node-RED and Python. Node-RED is
primarily used to develop SCADA applications.
Python is used to implement the optimization
technique. The Python program can be
embedded in Node-RED to integrate with the
SCADA system and the Al-based load
scheduling algorithm.

The primary key to the proposed system is
the integration of SCADA and Al-based load
scheduling, implemented on a Raspberry Pi
device. SCADA provides a graphical user
interface for monitoring and controlling the power
of home appliances. The Al-based load-
scheduling module then uses power data to
optimize energy consumption by scheduling
loads based on PV availability. The detailed
algorithm for load scheduling is described in the
next section.

Home appliance power monitoring and data
acquisition system

The system configuration for home
appliance power monitoring and data collection is
shown in Figure 2. The system is an loT-based
SCADA monitoring system. Notably, this system
has been installed in a home to monitor and
collect power data for evaluating the proposed
algorithm. The proposed system is an extension
and improvement of the previous system; that is,
it integrates SCADA and Al into an embedded
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device, rather than using separate HMI and sensor was used to monitor the power from the

embedded devices. PV and grid, as well as the power consumption of
The sensors consisted of a solar irradiation  home appliances, such as a refrigerator,

sensor, a room temperature and humidity sensor, microwave oven, water pump, freezer, water

an outdoor temperature and humidity sensor, and  heater, washing machine, and rice cooker.

a power-monitoring sensor. A power-monitoring

Sensors E Controller hardware platform E Software platform
PV power \E\ / Raspberry Pi embedded device \ E / \
Grid power L P SCADA ! Lk RED
CL ' programming
Appliances power /i/ E A
consumption ! Load scheduling ‘ :'
E Load power data E I“
H Al-based Load scheduling = ' Python programming

Figure 1. Configuration of the integrated Al and SCADA-based HEMS
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Figure 2. Configuration of the power monitoring and data collection system for home appliances
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A Haiwell HMI was employed as the SCADA
device. It communicates with the sensor units via
Wi-Fi, with the HMI in access-point mode and the
sensor units in station mode. The Modbus TCP
protocol was adopted to facilitate interfacing with
the sensor units. This configuration offers simple
and low-cost installation at home. Because the
Haiwell HMI is an loT-based SCADA system, it is
connected to the cloud server via the Internet.
Thus, the device can be accessed remotely using a
web browser on a personal computer or a mobile
application on a smartphone.

Multiobjective optimization for home appliance
scheduling

Home appliances can be divided into non-
schedulable and schedulable loads. A non-
schedulable load is one whose usage or operating
time cannot be altered, such as lighting,
refrigerators, water pumps, and freezers.
Meanwhile, the usage time of the schedulable load
can be altered by the user, such as in a microwave
oven, water heater, washing machine, or rice
cooker. This study focuses on the scheduling of
schedulable loads for energy management in a
home with a grid-connected PV system.

The proposed energy management algorithm
aims to solve multiobjective optimization problems:
minimizing grid-imported energy, maximizing PV
utilization, and minimizing the PAR of power
consumption. The first objective aims to reduce
electricity costs and reliance on external grid
supply, thereby increasing energy autonomy. The
second objective aims to increase self-
consumption, reduce reverse power flow, and
improve the system's overall sustainability. The
third objective aims to reduce stress on the grid
infrastructure, avoid overloading, and improve
voltage regulation.

Mathematically, multiobjective optimization
problems can be expressed as follows. The grid-
imported energy during a day is expressed as

144 ( )
E‘mp = té] max EtOt (t) — EPV(t),O (1)

where Ei(f) is the total load energy consumption at
time slot t, and Ep\(t) is the PV energy generation at
time slot t. In this experiment, the time interval is 10
minutes; thus, the total time for a day is 144.

The PV utilization (PVui) represents the
portion of PV power that is directly consumed by
the household loads, and is expressed as

144
Zlmm (Eppy (1).E (1))
t=
PV, = 77 )
=1

I
2 Epy (1)
t

The PAR reflects the uniformity of the total
load profile, and is expressed as

max, B, (1)

1 s
3
2P0 @

PAR =

where P((t) is the total load power at time slot £.

The three objectives are combined into a
single scalar function using the weighted-sum
method, which converts the multiobjective problem
into a single cost that can be effectively solved by
standard optimization algorithms such as GA, PSO,
or ACO. The resulting optimization problem is
expressed as

PAR

p
+ w2 (1—PVuzil) + WB W}m ’ (4)

MinJ = w, ﬁ
where wy, wz, and ws are the weighting coefficients
representing the energy cost reduction, PV
utilization improvement, and load balancing
performance, respectively; Epase and PARpase are
the base values for normalizing the imported energy
and PAR. It is noted that since PV. is to be
maximized, the term (1 — PV.,4) is introduced in (4).
In the experiments, w;=0.5, w>=0.3, and ws=0.2.
The relative priority of each objective in the energy
management context determines the weights.
Energy cost reduction received the highest weight
(w; = 0.5), reflecting its status as the primary
objective. PV utilization was assigned a moderate
weight (w, = 0.3) to promote effective use of
renewable energy and reduce reliance on the grid.
Load balancing was given a lower weight (w; = 0.2)
to support operational stability and mitigate peak
loads without excessively constraining the energy
cost and PV utilization objectives.

The total load power is composed of non-
schedulable loads and schedulable loads, which
are expressed as

Pt () = RE(t) + WP(t) + FZ(t) + LG(¢) + (WH X SWH(z))
+ (WM x SWM (1)) + (RC x SRC(1)) + (MO x SMO)), (5)

where RF(t), WP(t), FZ(t), and LG(t) are the power
consumptions of the refrigerator, water pump,
freezer, and lighting at time slot ¢, respectively; WH,
WM, RC, and MO are the power consumptions of
the water heater, washing machine, rice cooker,
and microwave oven, respectively.
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The SWH(t), SWM(t), SRC(f), and SMO(t)
represent the on/off status of the water heater,
washing machine, rice cooker, and microwave
oven, respectively, which are defined in the
following equations:

lift =xjort =x,,x € [31,72],

; : X, € [91,126] (6)

0 otherwise

SWH

1if x; <7< 33 +3, xy € [33.102]
t |0 otherwise

lif't e [x4,x4 +2]u[x5,x5 +2]

SRC :

" U[xG,xG +2]

0 otherwise (8)

x, €[31,54] x, e [67,84] x, [103,120]

11'fte[x7,x7 +2]u[x8,x8 +2]

SMO

p U[x9,x9 +2]

0 otherwise ©)
x, €[31,54] x, €[67.84] x, € [103,120]

The allowable time slots for operating
schedulable loads are expressed in (6)—(9). For
instance, from (6), the water heater is operated
twice a day with a duration of one time slot (10
min); the first usage can be from time slot 31 (05:00
h) to time slot 72 (11:50 h), and the second usage
is from time slot 91 (15:00 h) to time slot 126 (20:50
h).

The three meta-heuristic  optimization
techniques, namely GA, PSO, and ACO, are
evaluated for solving the above optimization
problem. The flowcharts of the GA, PSO, and ACO
algorithms are depicted in Figures 3, 4, and 5,
respectively. The GA algorithm begins by initializing
a population of randomly generated candidate
solutions. Each individual represents a possible
solution, in this case, the schedule of household
appliances. After initialization, the fitness of each
individual is evaluated using the multiobjective
function defined in this study. Based on the
evaluated fitness values, a selection process is
conducted to identify individuals with better
performance to serve as parents for the next
generation.

Subsequently, crossover combines the two
parent solutions, producing new offspring that
explore different regions of the search space. The
mutation is then applied to introduce small, random

changes to the offspring solutions, helping maintain
population diversity and preventing premature
convergence.

The new population is formed and evaluated
again iteratively. The algorithm terminates when the
stopping criterion is satisfied, such as reaching the
maximum number of generations or achieving
convergence. Finally, the best individual in the
population is selected as the optimal scheduling
solution for the HEMS.

The PSO algorithm begins with particle
initialization, in which the positions and velocities
are randomly generated. Each particle represents a
candidate scheduling solution. The fitness of each
particle is then evaluated using the defined
multiobjective function. After evaluation, each
particle records its personal best solution (pBest),
while the best solution among all particles is
identified as the global best (gBest).

Initialize population (random solutions)

Y

Evaluate fitness of each individual

Y

Selection of parent solutions

Y

Crossover operation

Y

Mutation operation

No

Stop criterion is reached?

Figure 3. Flowchart of GA
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During each iteration, the velocity of each
particle is updated based on its current velocity, the
distance from its personal best position, and the
distance from the global best position, which is
expressed as [32]

1+

vt =wy! + clrl(pBesti —x;)+

A (gBest —xf) (10)

where v#*'is the velocity of particle i at iteration t; w is
the inertia weight; c; is the cognitive coefficient; ¢z is
the social coefficient; ry and r> are random numbers;
pBest; is the best position previously visited by
particle i; gBest is the global best position; and x{is
the current position of particle i. The position of each
particle is updated using the following formula [32]

1 1
X =x v

1

(11)

Initialize particles

y

Evaluate fitness of each particle

y

Update velocity

y

Update position

y

Update personal best and global best

Stop criterion is reached?

Figure 4. Flowchart of PSO

Initialize parameters and pheromone

y

Construct solutions by ants

y

Evaluate solutions

y

Update pheromone

Stop criterion is reached?

Figure 5. Flowchart of ACO

The updated solutions are evaluated again,
and the pBest and gBest values are revised if better
solutions are found. This iterative process continues
until the stopping criterion is met. The final global
best solution represents the optimal load scheduling
configuration for the HEMS.

The ACO algorithm begins with the
initialization of parameters and pheromone, such as
the number of ants, pheromone trails, heuristic
information, and evaporation rate. Next, a set of
artificial ants is generated, where each ant k
constructs a candidate solution based on a
probability function expressed as [33]

(Tij )(Z (’7y' )H
Z (T!/ ) (’75/ )

where 7; represents the pheromone intensity from
state i to j; n; represents the heuristic information
from state i/ to j;, « and g control the influence of
pheromone and heuristic information, respectively.
After constructing the solutions, the fitness of
each solution is evaluated using the multiobjective
function. The pheromone trails are then updated by
reinforcing paths associated with better solutions,
which increases the likelihood that these paths will
be selected in subsequent iterations. First,

k _
ry = (12)
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pheromone evaporation is applied to reduce the
existing pheromone levels using the following
formula [33]

7, < (-p), (13)
where p is the evaporation rate. Next, pheromone

reinforcement is performed using the following
formula [33]

- 9
T Ty —————
Y ; Fitness, (14)

where Q is the pheromone deposition constant, and
fitness is the objective value.

The process of solution construction and
pheromone updating is repeated until the stopping
criterion is reached. The best solution obtained
during the search is selected as the optimal
scheduling result.

The computational complexity of the
algorithms can be analyzed using Big-O notation as
follows. Let T be the number of iterations, N be the
population size (individuals, particles, or ants), and
D be the problem dimension representing the
number of scheduling variables in the HEMS.

Each iteration of GA involves population
evaluation, selection, crossover, and mutation. The
dominant computational cost is the fitness
evaluation of all individuals, leading to a time
complexity of O(TND). In PSO, each iteration
updates particle velocities and positions, followed
by fithess evaluation. These operations scale
linearly with both the number of particles and
decision variables; thus, the time complexity is
O(TND). It is worth noting that although the time
complexity of GA is similar to that of PSO, the
additional genetic operations introduce higher
computational overhead for GA. For ACO, each ant
incrementally constructs a solution and updates
pheromone values. Since pheromone updates often
involve interactions among decision variables, the
time complexity becomes O(TND2).

The GA algorithm was implemented in
Python using the PyGAD library [34], whereas the
PSO and ACO algorithms were implemented in
Python directly (without a specific library). The
algorithms are implemented on a Raspberry Pi 5, a
small-sized single-board computer powered by a
2.4 GHz quad-core 64-bit ARM Cortex-A76 CPU
with 8 GB RAM. This is a low-cost and easy-to-
install solution for homes, making it suitable for real-
time implementation.

SCADA and Al-based optimization integration
using Node-RED

Node-RED is an open-source, flow-based
programming language in which a flow is used to

connect nodes, which are functional units that
perform specific tasks. It provides a browser-based
visual interface with a drag-and-drop menu for easy
programming. It supports various libraries for
connecting hardware to  other  software
programming languages, including Python. Figure 6
shows the Node-RED flow for the SCADA and Al
integration. The nodes in the figures are divided into
four groups defined by the bounding boxes. The
main groups are located in the top left and bottom
parts, as described below.

The nodes in the top-left group were used to
configure and display the HMI. In this application,
HTML-based SCADA was developed using a Ul
builder. The nodes in the bottom group were used
to connect Node-RED with the Python program.
One of the primary benefits of Node-RED s its
intuitive interface for connecting to Python
programs. Once the exec node is created, the
Python program can be executed and interfaced
with the Node-RED environment. Therefore, the Al-
based optimization, written in Python, can be
accessed via the Node-RED-developed SCADA.
This feature offers two benefits: first, it facilitates the
development of SCADA using Node-RED; second,
it facilitates the development of Al-based algorithms
using Python, a leading, popular, and open-source
programming language for Al applications.

PV power and home
consumption dataset

The proposed system was evaluated using
the PV power and home appliance power
consumption datasets collected using the system
described in Figure 2. The recorded data comprised
PV power and home appliance power consumption,
which included schedulable and non-schedulable
loads. Power data were recorded in real-time at 1-
minute intervals. Notably, the monitoring system
shown in Figure 2 does not monitor the lighting
system because installing the lighting power sensor
requires changes to the cable installation, rather
than simply adding a plug-based power meter for
other appliances. Therefore, the lighting data were
added to the dataset based on the lamp power
rating, and usage time was assumed to be the
same every day (from evening to the next morning).

In the evaluation, the non-schedulable power
profiles followed those in the dataset. However,
because the proposed approach optimizes the
operation time of schedulable loads, it only uses the
average power usage from the dataset, and the
operation time and duration follow the previously
described load-scheduling scheme. Because the
time interval used in load scheduling was 10 min,
the dataset was resampled to 10-minute intervals.
For simplicity, without loss of generality, only six
days of power data, from 04/08/2025 (Monday) to

appliance power
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10/08/2025 (Sunday), were used in the evaluation.
Table 1 lists the PV ratings and average
schedulable load powers.

RESULTS AND DISCUSSION
HMI implementation

Figure 7 shows the main display of the
developed HMI. In the central part, the status and
power consumption of the appliances are displayed,
as shown at the top center of the figure. The lower
part shows the load-scheduling time of the
appliances. An HMI provides a user-friendly
interface for monitoring and managing home
appliances. The main menu of the HMI operation is
displayed in the top-left corner and includes the
home menu, SCADA HEMS (SCADA monitoring),
and the device management menu.

The management device menu for the HMI is
shown in Figure 8. This menu is used to manage
devices and home appliances for load scheduling.
The user can add a new appliance or edit an
existing appliance. The appliances were
categorized into non-schedulable and schedulable
loads, as previously described. With the proposed
SCADA system, the user can easily configure home
appliances to optimize energy use.

To evaluate the usability of the HMI, user
experience, system responsiveness, refresh time,
and user errors are compared with those of the
existing Haiwell HMI [26]. To make a fair
comparison, both HMIs are accessed from the
same web browser via a Local Area Network (LAN)
connection. The evaluation results are listed in
Table 2. The table shows that the proposed HMI
performs competitively compared to the established
Haiwell HMI. The proposed HMI delivers a superior
user experience, with fast, easy access to
information via a scrollable menu. Furthermore,
refinements are needed to enhance robustness
during device configuration.

Evaluation of multiobjective optimization

The GA, PSO, and ACO parameters used for
energy optimization are listed in Tables 3, 4, and 5,
respectively. Notably, they are implemented in
Python, enabling users to write and run the program
independently of the Node-RED environment. It
offers flexibility for debugging, modifying, and
adopting new algorithms.

To evaluate the effectiveness of the
proposed load scheduling, the results of the Al-
based scheduling algorithm were compared with
those of a random scheduling algorithm. In random
scheduling, the operational time of a schedulable
load is assigned randomly. Note that the range of
operation time and the duration of random
scheduling follow Al-based scheduling to ensure
fair comparisons.

Tables 6, 7, and 8 present comparisons of
GA, PSO, ACO, and random scheduling for energy
import, PV utilization, and PAR, respectively. In
each table, the random scenario is used as the
baseline for comparing the effectiveness of the
methods, i.e., reductions in energy imports and
PAR, and increases in PV utilization.

Table 1. PV power rating and average power of
schedulable loads
PV Water Washing Rice Microwave

heater machine cooker oven
Power 2000 Wp 568W 90W 330W 1250 W
rating
Usagetime 12h 10min 40 min 30 min 10 min
duration

Table 2. Evaluation of the HMI usability

Parameter Proposed HMI Haiwell HMI [26]

User experience  Displayed Users may lack a
information is easily comprehensive
and quickly overview of all

available information
at a glance.

accessible due to
the scrollable menu.

System
responsiveness

Very responsive.
The transition
between menus
runs smoothly and
quickly

Very responsive.
The transition
between menus runs
smoothly and quickly

HMI Refresh time Fast (lessthan 1s) Fast (less than 1 s)

No errors occurred
due to the limited
and straightforward
menus

Some errors occur
when adding the
new devices due to
the unavailable
icons

User errors

Table 3. GA parameters

Parameter Value
Number of generations 100
Number of parents 20
Number of solutions per population 40
Number of genes 9
Gen type Integer
Crossover type Single point
Mutation type Random
Mutation percentage of genes 10%
Table 4. PSO parameters
Parameter Value
Number of particles 30
Maximum number of iterations 80
Number of solutions per population 40
Inertia weight (w) 0.7
Cognitive coefficient (c/) 1.5
Social coefficient (c,) 1.5
Table 5. ACO parameters
Parameter Value
Number of ants 40
Maximum number of iterations 80
Pheromone evaporation rate (p) 0.1
Pheromone deposition constant (Q) 1.0
Pheromone influence exponent () 1.0
Heuristic influence exponent (5) 0.0
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Figure 6. Node-RED flow for SCADA and GA integration
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Table 6 shows that all three optimization
algorithms reduce the grid-imported energy
compared to random scheduling. The lowest total
energy import over 7 days is achieved by GA at
39.59 kWh, followed by PSO at 39.60 kWh and
ACO at 40.38 kWh. The percentage reductions
relative to random scheduling show that GA and
PSO are nearly the same at 6.91% and 6.89%,
respectively, while ACO is 5.07%. These results
demonstrate that GA and PSO are more effective
at minimizing grid-imported energy than ACO.
These reductions exceed the 4.6% reported in
[26].

Table 7 shows that the optimization
algorithms increase the PV utilization, with GA,
PSO, and ACO achieving average PV utilization
of 34.24%, 34.23%, and 32.95%, respectively,
which are higher than the random scheduling
result of 29.14%. The improvement percentages
are 14.91% (GA), 14.89% (PSO), and 11.57%
(ACO) compared to the random scheduling. The
results confirm that optimized scheduling
successfully schedules appliances based on PV
availability. Again, GA and PSO perform
comparably, better than ACO. These
improvements exceed 12.48% reported in [7].

The PAR comparisons in Table 8
demonstrate the ability of optimization algorithms
to flatten the household load profile. Compared to
random scheduling, GA, PSO, and ACO achieve
PAR reductions of 24.44%, 23.89%, and 21.48%,
respectively. The results show that the GA is
superior in reducing the PAR.

Table 6. Comparison of energy import

Table 8. Comparison of PAR

Day PAR - PAR - PAR - PAR -
GA PSO ACO Random
1 3.72 3.91 3.91 5.40
2 3.56 3.56 3.82 4.85
3 3.85 3.85 3.85 4.95
4 3.87 3.87 4.07 5.23
5 3.68 3.68 3.91 5.09
6 4.12 4.12 412 4.81
7 3.58 3.58 3.74 4.58
Average 3.77 3.80 3.92 4.99
Reduction (%)  24.44 23.89 21.48 -

Day Energy Energy  Energy Energy
import— import— import— import-
GA (kWh) PSO (kWh) ACO Random
(kWh) (kWh)
1 5.86 5.86 5.96 6.35
2 5.54 5.62 5.79 6.01
3 5.72 5.72 5.94 6.15
4 5.40 5.37 5.46 5.59
5 5.59 5.53 5.61 5.85
6 5.79 5.80 5.85 6.34
7 5.70 5.70 5.77 6.24
Total 39.59 39.60 40.38 42.53
Reduction (%) 6.91 6.89 5.07 -

Table 7. Comparison of PV utilization

Day PV PV PV PV
utilization utilization utilization utilization
— GA (%) —-PSO (%) — ACO (%) — Random

(%)

1 32.65 32.54 31.33 26.57
2 32.29 31.35 29.52 27.14
3 32.09 32.09 29.69 27.42
4 30.73 30.99 30.01 28.56
5 35.08 35.83 34.89 32.12
6 34.74 34.71 34.14 28.38
7 42.13 42.13 41.08 33.78
Average 34.24 34.23 32.95 29.14
Increment (%) 14.91 14.89 11.57 -

Figure 9 shows the average daily power
load profile over 7 days, including PV power,
baseline non-schedulable loads, and schedulable
load power generated by four scheduling
methods (GA, PSO, ACO, and random). The
figure shows that the optimization algorithms shift
the operation of the schedulable loads to the
times when PV power is available. In contrast,
the random method applies those loads
independently of solar availability.

Figures 10 to 13 show the average daily
schedulable load profiles for the random, GA,
PSO, and ACO schedules, respectively. In the
figure, the profiles of PV power and the load
powers of the water heater (WH), washing
machine (WM), rice cooker (RC), and microwave
oven (MO) are shown. As shown in Figure 10,
the RC and MO are operated in the early morning
when there is no PV power by random
scheduling, which does not occur in GA (Figure
11), PSO (Figure 12), or ACO (Figure 13). It
clearly demonstrates the optimization algorithm's
effectiveness in maximizing PV power use,
thereby reducing grid-imported energy and
increasing PV utilization.

From Figures 10 to 13, it is observed that
load overlap occurs more frequently under
random scheduling (Figure 10) than under
optimization scheduling. The results provide
evidence of PAR improvement achieved by the
optimization algorithms.

Regarding execution time, the
experimental results show that the execution
times for GA, PSO, and ACO on a Raspberry Pi
5 are 0.70 s, 0.38 s, and 1.42 s, respectively,
which are sufficiently fast for this application. The
results comply with the time complexity
discussed in the previous section.

Comparison to existing works

Table 9 presents a comparison with
existing works, in which several parameters, such
as the optimization objective and method,
SCADA features, and implementation platform,
are compared.
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Figure 9. Average daily load power profile
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Figure 10. Average daily schedulable load power profile of random scheduling
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Figure 11. Average daily schedulable load power profile of GA scheduling
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PSO: Average Daily Appliance Load Profile (7-day mean)
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Figure 12. Average daily schedulable load power profile of PSO scheduling
ACO: Average Daily Appliance Load Profile (7-day mean)
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Figure 13. Average daily schedulable load power profile of ACO scheduling
In[7], multiobjective optimization is
performed using metaheuristic  algorithms. Table 9. Comparison to existing works

However, it is evaluated via simulation and lacks Ref. Optimization SCADA Implementation
SCADA capability. In [12] and [14], the ST feature  platform
optimization algorithms are implemented on the Ene:gy cost GA
hardware and IloT platforms. Since the 7] PAR user BPSO.  No Simulation
ThingSpeak loT platform has been adopted, the comfort WDO C (# and
) , - p an
f[jyapskr:]:log(r:d /;Bt/frsf?;?elri .more limited than that of a [12] Energycost MIP No v prLAB) |
. . Power cost, BSA, Raspberry Pi,
The work in [26] proposed HEMS with [14] PAR BPSO No ThingSpeak loT
SCADA functionality; however, it focuses on Yes Raspberry Pi
single-objective optimization and requires two [26] Imported  Fuzzy (separate (Python), Haiwell
devices: a Raspberry Pi for optimization and a energy logicgevices) HMg'g;'[t)’Zsed
Haiwell HMI for SCADA implementation. In Imported Ves Raspberry Pi
contrast, the proposgd _approac_h _oﬁgrs all Fhe Proposed ©NergY: PV GA, PSO, (single  (Python, Node-
features of multiobjective optimization using utilization,  ACO device) RED)
metaheuristic algorithms integrated with SCADA, PAR
implemented on a single embedded device.
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CONCLUSION

In this study, multiobjective Al-based
optimization was integrated with a SCADA
system running on a single embedded device.
The proposed system used Python and Node-
RED on a Raspberry Pi platform to enable
SCADA and Al integration. The experimental
results show that load scheduling based on meta-
heuristic algorithms, namely, GA, PSO, and
ACO, effectively reduces grid-imported energy by
6.91%, 6.89%, and 5.07%; increases PV
utilization by 14.91%, 14.89%, and 11.57%; and
reduces PAR by 24.44%, 23.89%, and 21.48%,
compared to random scheduling. These grid-
imported and PAR-reduction percentages are
better than those reported in previous works.

From a theoretical perspective, this work
provides insight into integrating monitoring,
control, and optimization within an edge-
computing-based HEMS architecture. Unlike
conventional approaches that separate SCADA
systems from Al-based optimization modules, the
proposed framework demonstrates that
multiobjective optimization can be executed
directly within a SCADA-enabled embedded
platform  while  maintaining  computational
feasibility. This contributes to the development of
practical multiobjective optimization frameworks
for distributed energy management systems.

In terms of generalization capability, the
proposed framework is adaptable to other
residential energy systems that involve
distributed energy resources, such as battery
storage systems, smart appliances, and demand-
response programs. Since the architecture is
developed using open-source platforms and
modularly integrates SCADA and Al algorithms,
the system can be extended to support different
optimization algorithms, larger datasets, and
more  complex residential or  microgrid
environments. This suggests that the approach
can serve as a scalable solution for edge-based
energy management applications.

However, several limitations should be
acknowledged. First, the multiobjective
optimization model adopts a weighted-sum
method, which may not cover the entire Pareto-
optimal solution space. Second, the system was
evaluated using a limited dataset collected from a
single house over a short period, which may not
represent seasonal variations in PV generation
and energy consumption. Third, the number of
schedulable appliances is relatively limited
compared to those in real smart home
environments. Additionally, user behavior and
comfort preferences were not explicitly modeled
in the optimization process.

In the future, the proposed system will be
extended to consider various home appliances,
large homes, and residential areas, as well as
advanced HEMS algorithms and evaluations
using large datasets. Furthermore, the actual
implementation at home will be investigated.
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