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Abstract: Electricity has emerged as an essential requirement in modern life. As demand escalates,
electricity costs rise, making wastefulness a drain on financial resources. Consequently, forecasting
electricity usage can enhance our management of consumption. This study presents an IoT-based mon-
itoring and forecasting system for electricity consumption. The system comprises two NodeMCU mi-
cro-controllers, a PZEM-004T sensor for collecting real-time power data, and three relays that regulate
the current flow to three distinct electrical appliances. The data gathered is transmitted to a web appli-
cation utilizing the k-Nearest Neighbor (k-NN) algorithm to forecast future electricity usage based on
historical patterns. We evaluated the system's performance using four weeks of electricity consumption
data. The results indicated that predictions were most accurate when the user’s daily consumption
pattern remained stable, achieving a Mean Absolute Error (MAE) of approximately 1 watt and a Mean
Absolute Percentage Error (MAPE) ranging from 1% to 1.7%. Additionally, predictions were notably
precise during the eatly morning hours (3:00 AM to 8:00 AM) when k=6 was employed. This study
demonstrates the effectiveness of integrating IoT-based systems with machine learning for real-time
energy monitoring and forecasting. Furthermore, it emphasizes the application of data mining tech-
niques within embedded IoT environments, providing valuable insights into the implementation of

lightweight machine learning for smart energy systems.
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1. Introduction

Electricity is a significant source of energy. It leads to many new designs and discoveries
of electronic and electrical devices that support human activities in their daily life. These in-
clude household appliances, office equipment, industrial machines, electric trains, public
lighting, and heating systems, among others. Electricity has always become a basic need for
human life. With a population of approximately 250 million people, Indonesia ranks fourth
in the wortld. It plays an important role in regional and international markets as a major pro-
ducer and consumer of electrical energy. Accordingly, the government's plans to expand ac-
cess to electricity have decreased the number of people without electricity, from approxi-
mately 100 million in 2000 to around 23 million in 2016, despite a population increase of
almost 25% [1]. As consumers, people often underestimate electricity use in their everyday
lives. For example, turning on electrical and electronic devices when not in use. Constantly
turning on electronic and electrical devices can increase the risk of higher electricity bills and
a short circuit, potentially leading to a fire. Hence, it is necessary to predict electricity con-
sumption so that we can plan to consume it wisely, which can decrease unnecessary risks.

Along with the current and rapid development of technology that leads us to Industry
4.0, there exists a kind of technology with a concept where ordinary objects can send and
receive data over a network without direct human assistance. We refer to this technology as
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the Internet of Things (IoT). This technology aims to expand the advantages of a continuous
Internet connection, which can help people access information about objects that may not be
readily available [2]. As for capabilities such as remote control and data sharing, these also
extend to real-world objects. For example, equipment, living things, collections, electronics,
and many more are connected to networks through embedded devices that can sense [3]. IoT
development is based on an advanced combination of Internet, microelectromechanical, wire-
less, and QR Code technologies [4]. However, it encourages people to continue thinking cre-
atively.

In some cases, people only need a computer or a smartphone connected to the Internet
to access the information. For example, an application for health and safety using IoT, where
wearable sensors can send and receive data to a gateway through a LoRa network. They form
a heterogeneous IoT platform with a medical signal-sensing network using Bluetooth. Once
the hazard is detected, sensor nodes will warn and notify the end-user [5]. By leveraging IoT
to obtain data-driven insights, monitoring activities generate large amounts of data, necessi-
tating the extraction of relevant information. This is where data mining becomes invaluable,
as it extracts the essential patterns within the data to yield meaningful insights [6].

Data mining and analysis processes use statistical, mathematical, and artificial intelligence
methods. Many practical applications use the combination of IoT technology and data mining
methods [7]. For example, the Scikit-Learn-based k-means model can be used for weather
clustering and sensor anomaly detection to analyze weather data. The results of the data anal-
ysis showed that it is not impossible to gather important information from complex data sets
[8]. Furthermore, with the increasing dominance of IoT applications, a significant amount of
geospatial information has been accumulated from various sources. To facilitate developers
in creating larger spatial data applications, it is essential to develop up-to-date technologies
that efficiently handle large amounts of spatial data. A platform for efficiently storing, extract-
ing, processing, and analyzing geospatial big data was proposed in [9]. In [10], [11], data ob-
tained from a sensor device were used to identify the depth of potholes on the road surface
using the k-means algorithm. In [12], [13], data collected by sensors at entrance and exit gates
were used to calculate the number of vehicles in a parking area. The C4.5 algorithm was
implemented in this application to distinguish detected objects.

Several supervised learning methods are widely used in data mining: regression and clas-
sification. Regression returns a numerical target for each sample, similar to supervised learn-
ing methods, while classification assigns a label from two or more distinct groups or classes
to each sample. The k-Nearest Neighbor (k-NN) algorithm is a method that classifies objects
based on the nearest training data to those objects. Learning data is described in a multidi-
mensional space, where each dimension correlates with a specific characteristic or feature of
the data [14]. The k-NN algorithm can be utilized to forecast a value. To predict a value, it
uses the value of the nearest neighbor, which is the result of regression calculated based on
the previously determined distance of k [15]—[17]. Predictions of future values can be made
from the results of these calculations.

Multiple linear regression has been applied in various prediction techniques, such as rice
production [18]. In [19], the long short-term memory to predict household electricity con-
sumption. By implementing IoT technologies and data mining techniques, we aim to effec-
tively address existing challenges related to electricity consumption. The objective of this pro-
ject is to develop an loT-based monitoring and forecasting system for electricity consump-
tion. Our contribution includes a monitoring sensor device equipped with three relays for
controlling electrical appliances, two NodeMCUs, and a PZEM-004T sensor for capturing
power data. The k-NN algorithm is utilized in a web-based application to predict electricity
consumption based on historical data. This study contributes to data mining by demonstrating
a real-world implementation of k-NN in sensor-driven forecasting. It showcases an effective
machine learning deployment within an IoT-based energy monitoring system. Part of this
work has been published as a conference paper in [20].

Considering the characteristics of loT-based systems that necessitate lightweight and
rapid-response algorithms, this study evaluated multiple machine learning methods — spe-
cifically k-NN, Linear Regression (LR), and Random Forest (RF) — for predicting electricity
consumption. k-NN was selected as the primary approach due to its simplicity, effectiveness
in managing non-linear relationships, and its suitability for real-time applications with con-
strained computational resources.
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2. Literature Review

Technological developments are growing and inevitable. As a breakthrough, the IoT has
become an inseparable part of human life [2]. In 10T, some ordinary objects are embedded
with sensor devices to connect, communicate, exchange data, and control via an Internet
connection. Devices in 10T are called smart devices as they have the Machine-to-Machine
(M2M) communication capabilities [4]. Smart devices are designed to assist people in accom-
plishing various tasks. Through this technology, objects can be monitored and controlled.
There is a microcontroller in every object. It sends data collected by one or more sensors to
an application where people can view information regarding the object [21]. People can also
interact with the object by sending commands through the application, and an actuator is
responsible for carrying out those commands [22]. The IoT requires data processing, data
storage, and analysis of results as its three fundamental requirements to transform raw data
into actionable information. In its applications, IoT brings a lot of benefits. Besides facilitating
people's work, 10T is also helpful in various fields [23], [24], such as the agricultural sector
[3], [25]. In [3], the authors developed an IoT application for smart farming to increase yields
and provide organic agriculture. The authors proposed the use of remote sensing for agricul-
tural parameters and a control system for greenhouse farming to regulate light, temperature,
soil moisture, and CO2 levels. The windows or doors of a greenhouse can be controlled based
on soil moisture levels. In addition, the timely, accurate, and practical acquisition, dissemina-
tion, and utilization of information may improve the management level of agriculture and
support the rapid development of the agricultural economy. This can be achieved by effec-
tively combining intelligent agriculture with IoT technology to develop an intelligent agricul-
tural IoT system based on heterogeneous network technology, which can have a positive
impact on agricultural development [25].

10T technology is currently being applied in the medical and health sector, especially
during the recent COVID pandemic. RFID and IoT applications have been developed to
intelligently track patient health information, such as weight, height, temperature, and pulse
[26]. In IOT, contactless sensors measure or check patients' body patrameters, including
weight, height, temperature, and SpO». RFID tags enable doctors to periodically check a pa-
tient's health condition, which is collected through contactless sensors [23]. Furthermore,
IoT-based connectivity between vehicles such as ambulances and surrounding hospitals can
simultaneously support real-time data collection from patients to multiple hospitals. EMT's
can assess for damage and expedite doctors' time to begin treating patients upon artival [20].
Another medical application is to assist deaf people in communicating by utilizing sensors to
detect the intensity of sound when they speak and facilitate speech-to-text transcription,
thereby transcribing verbal communication from another person [27], [28]. Moreover, 1oT-
based systems can also monitor physiological and environmental conditions, improving work-
place safety by combining multiple sensors to detect physiological and ecological parameters
[21]. When dangerous situations are detected, sensor nodes provide users with adequate warn-
ing and notification mechanisms [5], [29].

Constructing an 10T ecosystem requires smart devices and various other supporting el-
ements. Data mining is a method for identifying patterns in extensive data sets to provide
valuable insights [30]. Typically, this method is found in machine learning and statistics. Data
mining methods were developed due to the increasing complexity of computer work. With
data mining, collecting and selecting data is more practical. A data mining method is some-
times adjusted before applying it according to the uset's needs. There are vatious methods in
data mining. One of the primary techniques is clustering or segmentation, which involves
grouping a class into multiple segments based on specific attributes. The selection of these
attributes must align with the similarities shared among different classes. For instance, in pa-
per [10], the authors utilized the k-means algorithm to cluster potholes on the road.

Another data mining method is classification, a process that identifies the definition of
characteristic similarity within a group or class. Data mining classification is one of the most
commonly used methods. This method estimates the class for an object with an unknown
label. In data mining, data can be gathered through surveys, data gathering from sensor net-
works, crawling data from social media, or scraping documents from websites. Then, the
collected data will be converted into a form that can be processed using effective methods or
algorithms, producing new information or knowledge [7]. In [31]—[33], a large-scale network
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traffic security anomaly detection utilized a hybrid intrusion detection model that combined
abuse and anomaly detection technologies.

The k-NN is a simple, non-parametric, lazy machine learning algorithm. K-NN is easy
to implement for solving both regression and classification problems. It belongs to the su-
pervised learning type. The number of parameters used for non-parametric algorithms, such
as k-NN, is flexible and typically increases as more data becomes available [34]. All training
data is used in the testing phase to speed up the training process. The k-NN algorithm as-
sumes that similar data points exist in proximity or in terms of neighbors' distances, which
means that data with similar characteristics are close to each other. K-NN utilizes available
data to classify a new case according to distance functions or similarity measures. Then, the
latest case is grouped into a class where most of the neighboring data are located [35]. The
study in [16] utilized k-NN to classify a heart disease dataset, predicting heart disease with an
accuracy of 69% and a prediction speed of approximately 5,600 observations per second. In
paper [36], the authors investigated an active control strategy for detecting anomalies and
faults in high-capacity optical networks. Bit error rate data are gathered over 230 km of fiber
optic links in the CANARIE network. The k-NN algorithm classifies bit error rates with an
accuracy of 97.8%. In [17], the authors estimated stock prices, where a group of stock price
information was first synthesized as training data and then used as input to the k-NN model
for learning.

In IoT, almost every device or machine can become an intelligent machine. Hence, IoT
has greatly influenced all aspects of human life. IoT is pervasive and ubiquitous in society,
having a transformative and constructive impact on various application fields. Various studies
have proposed similar implementations, investigating loT-based electricity monitoring sys-
tems that utilize machine learning algorithms. For example, methods such as k-NN and C4.5
have been applied for real-time classification and prediction of electricity consumption,
demonstrating effectiveness in enhancing energy efficiency and control within smart homes
[37], [38]. The increasing number of IoT-connected devices has generated large amounts of
data. This brings a perfect overlap between big data creation and 1oT [8], [21], [30]. In addition
to being huge in size and volume generated by loT, data must be highly accurate and vary
according to its form and quality. Consequently, intelligent data analysis to gain valuable in-
sights is a challenging task. Intelligent data analysis is a crucial prerequisite for maximizing the
business value of IoT and realizing its substantial market potential [8]. Numerous studies have
explored the intersection of 10T and data mining. For instance, the authors in [39] introduced
a dynamic data mining framework designed to process sensor data by developing a sensor
data mining model applicable to dynamic change processes. In this framework, each sensor
network environment is regarded as a distinct physical system. Historical changes in sensor
data are gathered and mined to train the parameters. Relationships between different sensor
network environments are identified by analyzing the relationships between various physical
system parameters.

In a study [40], the authors explored an air pollution dataset collected by the pollution
control board, analyzing the proportionality of air pollutants. They also estimated the influ-
ence of several environmental parameters, including humidity, wind speed, and temperature,
on different pollutants, such as SO,, PM10, CO, NO3, and NO. In addition, each sensor
device was meticulously designed and implemented with consideration of the physical phe-
nomena the system aims to analyze. In a study [41], two loT-based monitoring and recom-
mendation systems, specifically for aquariums and ornamental plants, were developed using
several sensors to detect various supporting parameters. These systems utilized web-based
applications to provide real-time recommendations to users regarding the condition of the
monitored objects, employing the C4.5 classification algorithm. Moreover, in [10], [11], the
authors utilized the k-means algorithm for clustering road potholes. A sensor device, installed
on a vehicle, collected data, and the Google API was used for real-time monitoring and dis-
playing information.

3. Design and Implementation

In this section, we present an in-depth overview of the system architecture designed for
monitoring and forecasting home electricity consumption. The discussion encompasses both
hardware components, such as sensors, microcontrollers, and data processing units, as well
as software elements, including data processing algorithms, user interface design, and
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forecasting methods. This comprehensive examination aims to demonstrate how the system
is constructed and implemented to achieve accurate, efficient, and user-friendly performance.

3.1. System Design

Fig. 1 depicts our IoT-based monitoring and forecasting system. The proposed system
follows an end-to-end data pipeline for efficient electricity monitoring and consumption fore-
casting. The sensor device utilizes two NodeMCUs. The first NodeMCU connected to the
PZEM-004T sensor receives real-time power consumption data from electrical devices. This
NodeMCU sends the acquired data to the web application via the HT'TP protocol, where the
data is saved in a database for further processing. A user can also send commands to the
sensor device through the application to turn on and off electrical devices. The second
NodeMCU receives commands from the application and forwards them to the relays respon-
sible for disconnecting or connecting electrical current to the electrical devices.

NndeMCU® ’))

PZEM-004T ESP3266

Sensor Application
Q" pp

Electrical Devices

51

Relays P NodeMCU Web Browser

ESP2268

F

Figure 1. IoT-based monitoring and forecasting system for electricity consumption.

3.2. Hardware Design

Figure 2 illustrates the hardware design of the sensor device. It has two NodeMCUs that
are connected to PZEM-004T and relays. The first NodeMCU linked to PZEM-004T is re-
sponsible for reading power data. In contrast, the second one connected to relays is respon-
sible for disconnecting or connecting the electric current to electrical devices. In this design,
we provide three relays, allowing us to connect to three electrical devices.

The configuration of pins for the first NodeMCU is shown in Table 1. PZEM-004T"s
RX pin is connected to NodeMCU's D5 pin, and the TX pin is connected to the D6 pin.
Moreover, the VCC and GND pins of the two components are connected accordingly. The
configuration of pins for the second NodeMCU is shown in Table 2. NodeMCU's D1, D2,
and D3 digital pins are connected to the output pins of the three relays. The GND and VCC
pins on the NodeMCU are also connected to the GND and VCC pins of each relay.

Table 1. The configuration of pins for the first NodeMCU.

NodeMCU PZEM-004T
D5 RX
Do X
VCC VCC
GND GND

Table 2. The configuration of pins for the first NodeMCU.

NodeMCU Relay 1 Relay 2 Relay 3
D1 Out - -
D2 - Out -
D3 - - Out
VCC VCC VCC

GND VCC GND GND
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Figure 2. Hardware design illustration.

3.3. Software Design

The software in the IoT-based monitoring and forecasting system consists of two parts.
The first is a program that collects data at the sensor device, and the second is a web applica-
tion that performs algorithm computation. The flowchart, which shows an end-to-end system
diagram, is given in Figure 3. Firstly, the program reads power data from the PZEM-004T
sensor. The data are transmitted wirelessly via the Internet to the web application, where they
are recorded in a database. This activity repeats in a loop until the device is powered off. The
algorithm calculation begins after the application gets data from the sensor device. It then
loads the dataset and defines the value of k. After that, the Euclidean distances are calculated
for all records. The results are sorted in ascending order before the k nearest distances are
chosen from the sorted list. Finally, the algorithm classifies the test points according to the
number of similarities in the selected k. The classification results are displayed in the applica-
tion after the data has been classified.

4. Data Processing and Classification Method

This section presents the preprocessing steps and exploratory analysis performed on the
electricity consumption dataset before model implementation. The objective is to ensure the
quality, relevance, and interpretability of the data used for training and evaluating the k-NN
regression model. The analysis includes data cleaning, feature selection, a classification
method, and visualization of consumption patterns to guide the evaluation strategy.

4.1. Data Cleaning and Preparation

The dataset consists of 672 houtly electricity consumption records collected over four
consecutive weeks. Each record includes a timestamp (tanggal), hour (jam), power consump-
tion in watts (watt), and day of the week (id_hari, nm_hari). To enhance the data quality, all
records with watt values equal to zero were excluded, as these typically indicated either inac-
tive usage periods or potential sensor anomalies. After cleaning, 452 valid records observa-
tions remained for analysis. Categorical encoding was applied to the day of the week, while
the hour feature was already represented in numeric format. Given that both features, jam
(hour of the day) and id_hari (day of the week), show similar numeric ranges, normalization
was deemed unnecessary. This approach ensured that the distance-based k-NN algorithm
could function effectively without any bias due to feature scaling.
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Figure 3. End-to-end system diagram.

4.2. Feature Selection

Two input features were selected for the prediction task: jaw (hour of the day) and id_hari
(day of the week). These features effectively capture the temporal patterns of electricity con-
sumption that align with daily and weekly routines. An initial statistical analysis revealed that
wattage values ranged from 30.0 to 119.8, with a mean of 38.28 and a standard deviation of
11.55, indicating a moderate level of variability in usage. No extreme outliers were detected
beyond the expected operating limits of household appliances. However, differences in vari-
ance between specific hours of the day suggest the presence of distinct usage patterns, which
informed the definition of time-based evaluation categories.

4.3. Exploratory Data Analysis (EDA)

An exploratory analysis revealed distinct temporal patterns in electricity consumption.
As shown in Figure 8, power usage is typically elevated during the early morning hours (12:00
AM - 2:00 AM) and late evening (9:00 PM — 11:00 PM). Meanwhile, the standard deviation
is lowest between 3:00 AM and 8:00 AM, indicating a more consistent usage pattern during
this period, likely due to fewer user activities. In contrast, from 3:00 PM to 8:00 PM, con-
sumption becomes more erratic, as evidenced by a higher standard deviation, reflecting more
variability in user activity. Based on these observations, we defined two time-based evaluation
categories: the Stable Consumption Period (3:00 AM — 8:00 AM, characterized by low vari-
ance) and the Fluctuating Consumption Period (3:00 PM — 8:00 PM, characterized by high
variance). These categories were used to evaluate the predictive performance of the k-NN
model under varying levels of temporal variability, thereby evaluating its robustness in both
consistent and dynamic usage conditions.
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4.4. Classification Method

The k-NN algorithm is a supervised, non-parametric, and instance-based learning
method. It is widely applied for both regression and classification tasks due to its simplicity
and effectiveness. Unlike parametric algorithms, k-NN does not require a prior assumption
about the data distribution. Instead, it determines the output for a new instance based on the
similarity to existing labelled instances in the training set. To classify or predict a query in-
stance, the algorithm calculates the distance between the query point and all points in the
training dataset. The k closest neighbors are then selected, and the majority class (for classifi-
cation) or the average value (for regression) among these neighbors determines the predicted
outcome. The distance between two data points is commonly measured using the Euclidean
distance, which for an n-dimensional feature space is defined as Equation (1).

dis(p,q) = O

Where p;, q; are the values of the i-th feature for the query instance and the training
instance, respectively, and n denotes the number of features. For one-dimensional cases, the
distance is calculated using a single feature, while in higher dimensions, multiple features are
considered simultaneously. The selection of the parameter k is critical, as it influences the
balance between bias and variance. A smaller k tends to capture more local patterns but is
sensitive to noise, while a larger k provides smoother decision boundaries but may overlook
finer variations.

To evaluate the performance of the k-NN regression model, forecasting accuracy is as-
sessed using error metrics such as Mean Absolute Error (MAE) and Mean Absolute Percent-
age Error (MAPE). MAE measures the average magnitude of errors in the predictions without
considering their direction, while MAPE expresses the error as a percentage relative to the
actual values. They are defined as follows:

n
1
MAE = =" |4, — Fy @
ni=1
n
MAPE = lzw 3)
n4 4 Ai
i=

Generally, an MAPE value below 10% indicates excellent forecasting accuracy, 10-20%
indicates good accuracy, 20-50% indicates reasonable accuracy, and values above 50% indi-
cate poor forecasting performance. These metrics ensure that the predictive model not only
minimizes errors but also provides interpretable results for practical applications.

5. Performance Evaluation

In this section, we elaborate on the performance evaluation of the IoT-based monitoring
and forecasting system. We provide details about our experimental setup before presenting
the results and discussing the findings.

5.1. Experimental Setup

The sensor device in our IoT-based monitoring and forecasting system uses a PZEM-
004T sensor to retrieve power data once every hour. The data was transmitted to be saved in
the database. In this system, we utilized the Hypertext Transfer Protocol (HTTP) as the data
transmission protocol. We collected data on our electricity consumption habits for four con-
secutive weeks, resulting in 672 data records used as training data. We processed the data
using the k-NN algorithm to predict future electricity usage. An end-user could interact with
the system to view the prediction results through the web application. After that, to evaluate
the performance of the prediction resulting from the k-NN algorithm, we employed data
analysis techniques in forecasting, utilizing several test criteria, including the value of k, the
split of the training data, and the time category.
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5.2. Experimental Results and Discussion

Before evaluating the prediction performance of the system across various time catego-
ries, we first compared three models: k-NN, LR, and RF, utilizing multiple train-test split
ratios. The evaluation employed MAE, MAPE, RMSE, and R? as the performance metrics,
as summarized in Table 5. The results show that k-NN consistently outperformed the other
two models in terms of both accuracy and generalizability. Based on these findings, we have
selected k-NN as the primary algorithm for further analysis.

Table 3. Model performance metrics by split ratio.

Split Ratio Model MAE MAPE RMSE R?

k-NN 4.709092 0.1136682 8.267177 0.2270535252

60:40 Linear Regression 6.171881 0.1499366 9.660156 0.0004904555
Random Forest 5.150051 0.1254872 8.359346 0.1607799548

k-NN 5.048615 0.1307958 7.042575 0.1908075095

70:30 Linear Regression 5.718191 0.1487897 7.502663 0.0011367855
Random Forest 5.246889 0.1349243 7.464166 0.0695669844

k-NN 5.186490 0.1083448 11.126017  0.2997381140

80:20 Linear Regression 7.199014 0.1576920 12.754845  0.0762584473
Random Forest 6.266536 0.1330076 12.345499  0.1156378577

As shown in Figure 4, the k-NN model achieved the lowest MAE across all data split
ratios (60:40, 70:30, and 80:20), indicating its superior accuracy in estimating power consump-
tion. Conversely, LR consistently resulted in the highest MAE, while RF showed moderate
performance but remained less accurate than k-NN. Moreover, Figure 5 presents a compari-
son of MAPE, where k-NN attained the smallest percentage errors, particularly in the 80:20
split, demonstrating robustness even with reduced training data. In contrast, LR has the high-
est MAPE, underscoring its limited ability to model non-linear patterns.

. Linear Regression
. Random Forest

Mean Absolute Error

60:40 70:30 80:20
SplitRatio

Figure 4. MAE comparison by model and split ratio.

Additionally, the Root Mean Square Error (RMSE) results shown in Figure 6 reinforce
the advantage of k-NN. Its RMSE values remained the lowest, especially under the 70:30 and
60:40 split ratios. Particularly, both LR and RF showed an increase in error magnitudes as the
test set proportion rose to an 80:20 ratio. Moreover, Figure 7 shows the R? scores, which
indicate the proportion of variance explained by each model. K-NN achieved the highest R*
across all split ratios, with a peak of 0.30 under the 80:20 configuration ratio. In comparison,
both LR and RF demonstrated significantly lower R? values, indicating a weaker model fit.
Collectively, these results confirm k-NN as the most reliable model among those tested.
Therefore, we selected it for further evaluation under different time categories and conditions
of variability in the following analyses.
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The diagram in Figure 8 presents the hourly average power consumption and standard
deviation for a four-week period from 12:00 AM to 11:00 PM. The lowest variability is ob-
served between 3 AM and 8 AM, representing a period of low variability, while the highest
fluctuations occur between 3 PM and 8 PM, identified as a period of high variability. These
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time categories are used to evaluate the performance of the prediction system. The high var-
iability in power consumption occurs between 3:00 PM and 8:00 PM, indicated by the elevated
standard deviation values, and reflects more dynamic and unpredictable user activity during
the afternoon and eatly evening hours. This variability presents challenges for the k-NN al-
gorithm in identifying consistent patterns or neighbors within the training data. This results
in increased prediction error during these periods, as shown by increased MAE and MAPE
values. Therefore, understanding these fluctuations is crucial for selecting the appropriate
prediction strategy and optimizing model performance across different time categories.

The data set of 672 rows is split into three sets with ratios of 80:20, 70:30, and 60:40 for
training and testing purposes. The value of k is varied between 2 and 6. To determine the
optimal value of k in the k-NN model, a manual parameter tuning was conducted by testing
k values from 2 to 6. The evaluation used MAE and MAPE metrics, tested across three dif-
ferent data splitting ratios (60:40, 70:30, and 80:20), and two distinct time categories with
different consumption stability levels. The best k was selected based on the lowest average
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Figure 8. Average power consumption.

The simulation is executed ten times for each test criterion, and the average is taken. The
prediction accuracy, as measured by MAE, is displayed in Figure 9, while MAPE is shown in
Figure 10. The evaluation results indicate that the MAE of the electricity consumption fore-
cast system is approximately 1 Watt, the MAPE of around 1-1.7%, and k=6 shows the best
forecast performance. This result is closely linked to the data characteristics observed during
the time window from 3 AM to 8 AM, as shown in Figure 8. During this period, the standard
deviation of electricity consumption is significantly lower, indicating more stable and predict-
able user behavior. The low variability reduces the risk of outliers and increases the similarity
among data points, allowing the k-NN algorithm to identify more relevant historical neigh-
bors. As a result, this contributes to a more stable and accurate prediction process, particularly
when k = 6, since the neighborhoods consist of highly representative samples.

Furthermore, we perform a comparable evaluation for a different time category, specif-
ically from 3 PM to 8 PM. We have selected this time range because the standard deviations
have been consistently high during this period, as shown in Figure 8. The results of the
second evaluation are presented in Figure 11 and Figure 12, which show the MAE and
MAPE, respectively. As expected, the MAE and MAPE are higher due to the high standard
deviations. In this experiment, the MAE is approximately 5-6 watts, the MAPE is around
22%-32%, and k=2 yields the best results. These findings suggest that the predictions are
more accurate when a person's daily electricity consumption habits are consistent.
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6. Conclusions

This study proposes an IoT-based system for monitoring and forecasting household
electricity consumption using machine learning. This system integrates two NodeMCUs,
three relays to control the current to three electrical devices, and a PZEM-004T sensor that
regularly reads the power data from electrical devices. The collected data is transmitted to a
web application, where a k-NN regression model is applied to forecast short-term electricity
usage, leveraging daily and weekly time features. This approach demonstrates the viability of
integrating lightweight machine learning with embedded IoT technologies. The experimental
results show that the system achieves high prediction accuracy and consistent performance,
particularly during periods of stable electricity consumption. These findings validate the ef-
fectiveness of simple algorithms such as k-NN for real-time forecasting in environments with
limited computational resources. It is essential to note that this study focuses on aggregate
household electricity consumption, without distinguishing between individual appliances. Alt-
hough the system includes three relays to control various devices, the model predictions are
based on combined usage data rather than device-specific analyses. A limitation of this study
is the lack of an ablation analysis to determine the specific contribution of each relay or device.
Conducting such an analysis, in which each relay is selectively deactivated to assess its impact
on consumption and prediction accuracy, could provide valuable insights. However, this as-
pect falls outside the scope of the current study, presenting a promising opportunity for future
exploration. Additionally, we aim to refine the model by expanding its prediction targets to
encompass variables such as kilowatt-hour (kWh) consumption and estimated electricity
costs. Furthermore, we will investigate the integration of more advanced time-series forecast-
ing methods to improve long-term accuracy while maintaining responsiveness for real-time
applications.
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