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Introduction

Energy conservation has garnered much interest 
from the scholarly community because of the 

rising demand for energy over the past few decades. 
Residents of modern cities are currently troubled by 
their expensive residential energy costs (Ehsan et al., 
2021; Qadeer and Ehsan, 2021; Nawaz et al., 2023; 
Ehsan, 202). A variety of readily available and, in 
some cases, essential household appliances are nec-

essary for a reasonable way of life. Some appliances 
can fail undetected. Users can save significant mon-
ey by closely monitoring and controlling the current 
drawn by each appliance in the house. Recently, the 
combination of machine learning and smart home 
technology has grabbed a lot of attention and prom-
ises a revolution in home energy management (IoT 
Based Digital Wattmeter, 2021). Smart Home Ener-
gy Management Systems (SHEMS) use a variety of 
sensors, smart meters, and Internet of Things (IoT) 
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devices to monitor and control energy consumption 
as modern living environments become more net-
worked. Machine learning frameworks are essen-
tial in this environment because they offer flexible 
and innovative solutions. These frameworks enable 
SHEMS to forecast energy consumption trends and 
collect and analyze various datasets, allowing for re-
al-time efficiency improvements (Girisha et al., 2023).
This research article proposed an innovative and sus-
tainable living solution to reduce energy costs via 
monitoring power consumption. We make an IoT 
device that integrates various intelligent components 
to achieve this. After getting the data through an IoT 
device, we apply Machine-learning algorithms by 
training the model for prediction. It will be like a de-
cision node, which tells how to respond to a specific 
input and what output should be given to house own-
ers in response to that particular input. Once the IoT 
device and application are integrated, managing and 
testing power consumption will be done through the 
machine learning model that was trained earlier. The 
main objectives of this paper are:

•	 We configure a complete IoT device by integrat-
ing various components such as microcontroller, 
sensor, Wifi and cloud settings.

•	 With the help of an IoT device-generated data-
set, we applied advanced methods for feature ex-
traction.

•	 We predict energy consumption Using Random 
Forest, Adaboost and LSTM.

•	
The order of the entire document is as follows: Seg-
ment II defines the technique framework. Section III 
describes and compares the experimental procedure 
to competitive state-of-the-art methodologies. The 
final section of the paper is section IV. The novelty of 
the proposed IPA-DS framework lies in its combined 
architecture that use real-time IoT data acquisition, 
structured preprocessing, correlation and K-best fea-
ture selection, and comparative evaluation of ensem-
ble and deep learning models.

Related Work
The authors of (Rastogi et al., 2016) address the archi-
tecture and execution of an Internet of Things-based 
smart metering system, emphasizing the system’s sig-
nificance in power and communication costs. A smart 
meter, a digital gadget, keeps track of how much elec-
tricity is used and transmits the data to utility com-
panies for billing and monitoring. They employed a 

Metre Data Management (MDM) system to process 
and aggregate the data and an Advanced Metering 
Infrastructure (AMI) to gather data from every me-
ter. They asserted that distributed management sys-
tems, customer management, outage management, 
and other subsystems might all benefit from the data 
collected from smart meters. This system’s communi-
cation component is crucial, including cellular, Wi-
Fi, ZigBee, Power Line Carrier (PLC), Broadband 
over Power Lines (BPL), and more. The IRM serves 
as an interface between PLCs and the Server, receiv-
ing the meter readings from the household meters 
and sending them to the PLC. Along with outlining 
a cryptographic framework for secure communication 
between the meter and the server, the article also ad-
dresses security issues. The paper explains several at-
tack types, including chosen plaintext attacks, known 
plaintext attacks, ciphertext-only attacks, and chosen 
ciphertext attacks. The study also describes the Wide 
Area Network (WAN), Neighborhood Area Network 
(NAN), and Home Area Network (HAN) network 
model for collecting meter data. Every network has 
a distinct function, such as linking household appli-
ances or gathering and transmitting meter data from 
several residences to the Power Management System 
(PMS).

The system (Mufassirin and Hanees, 2018) facilitates 
efficient administration and monitoring of electricity 
consumption. The front-end metering (smart meter) 
and back-end cloud interfacing (cloud server) subsys-
tems of the Internet of Things intelligent metering 
system are described in this article by the authors, 
along with the Composite Design Methodology 
(CDM) that was utilized to develop it. These subsys-
tems are communicated effectively with one anoth-
er. This makes it possible to monitor and control the 
amount of electricity used effectively. To achieve an 
effective system, it is intended to combine two smart 
systems. An Allegro ACS712 current sensor for mon-
itoring current flow, an IoT Arduino UNO chipset 
for the core controller board, and a SIM800L GSM 
module for communicating with the cloud server are 
the components used in the system. The hardware de-
sign involves interfacing the various components and 
sensors with the Arduino board. The ACS712 sensor 
has been used to check the amount of current, and 
the Arduino communicates with the GSM module 
to establish data link with the cloud server. A relay is 
also used to switch the meter on or off based on the 
customer’s usage and budget.
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Authors in (Condon et al., 2023) designing and im-
plementing a home energy management system that 
uses cloud computing and the Internet of Things. 
The solution enables smart home appliance control, 
data storage, and gathering to facilitate effective en-
ergy consumption management. The authors created 
two scenarios: an AWS IoT Core-based cloud-based 
HEMS and a local HEMS utilizing edge devices. The 
perception layer of the suggested system consists of 
sensors, smart plugs, and smart meters collectively,” 
things.” These gadgets make it possible to gather and 
process data. Using technologies like ZigBee, Lora, 
and mobile networks, the communication layer in the 
system makes it easier for the perception layer and the 
middleware layer to connect.

Authors in (Devi et al., 2023) described The Smart 
Home Energy Management System (SHEMS) that 
uses machine learning and Internet of Things (IoT) 
devices to optimize energy use in a smart home set-
ting. The system gathers real-time data on energy 
consumption using Internet of Things (IoT) devic-
es, such as sensors and smart plugs. The authors used 
Deep Neural Networks (DNNs) to forecast future 
consumption patterns based on previous data and en-
vironmental variables. The architecture of the system 
that the authors have presented is intended to track 
and regulate the energy consumption of domestic ap-
pliances, giving consumers the ability to modify their 
energy use in response to real-time feedback. Using 
features taken from IoT sensor data, the DNN is con-
structed using either Keras or Tensor Flow.

Authors in (Kumar et al., 2023) explored machine 
learning techniques to optimize energy consumption 
in smart homes. Sensors and other devices that gath-
er information on temperature, energy use, and other 
factors are a feature of smart homes. Before delving 
into the machine learning model section, the authors 
covered several approaches, including feature selection 
and data preparation, which are crucial for a model to 
produce reliable predictions. Machine learning algo-
rithms then use this data to analyze and forecast how 
best to use energy, which increases security, comfort, 
and energy efficiency. The authors explore several ma-
chine learning algorithms, such as stochastic gradi-
ent descent (SGD), decision trees, and support vector 
machines, and they suggest applying SGD to energy 
optimization.

The outdated home energy management systems are 
ineffective in helping households reduce their energy 
consumption and costs. Many homes still use inef-
ficient and time-consuming manual energy manage-
ment techniques, such as manually turning off lights 
and appliances. In addition, because homeowners 
aren’t always aware of how much energy their ap-
pliances and devices use in real-time, appropriate-
ly optimizing household energy use can be difficult. 
Another problem is that energy costs are rising, and 
many households are looking for ways to reduce their 
energy bills without sacrificing comfort and conven-
ience. If users have some forecasting system that can 
accurately predict energy consumption in the fu-
ture, they can make timely decisions to avoid energy 
wastage. To address these energy wastage problems, 
we will create a system through which users can test 
their power consumption in homes, automating ener-
gy-saving actions and ultimately reducing power con-
sumption and costs while promoting Sustainability.

Material and Methods 

An exhaustive literature review shows that certain 
energy management systems lacked prediction for re-
al-time energy and power consumption. They mainly 
operated as cloud-based platforms, facilitating energy 
monitoring without empowering users to assess past 
consumption for informed future projections. Fur-
thermore, prevailing systems often relied on a singular 
machine learning model, compromising accuracy. To 
address these limitations, our research is to enhance 
the system’s efficacy. By collecting and preprocessing 
data from the cloud, coupled with rigorous feature se-
lection, our approach aims to view future predictions 
through a machine learning model. Incorporating 
machine learning algorithms, namely Random Forest, 
AdaBoost, and Long Short-Term Memory (LSTM), 
our study intends to assess their performances for op-
timal model selection. This interdisciplinary approach 
seeks to tie existing gaps, contributing to the evolu-
tion of accurate and user-empowering energy man-
agement systems. Algorithm 1 (Table 1) shows the 
complete picture of our proposed method. 

Figure 1 depicts the practical layout of the pro-
posed system.
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Figure 1: The architectural diagram of the designed framework.

Table 1: Algorithm: IPA- DS Algorithm.
Input: IoT Data (Data Gathered via IoT Device)
Output: Predicted Results
Data Collection

a. Acquire data from IoT device.
b. Transmit data to the IoT Cloud (Things Speak).

Data Preparation
a. Data Cleaning

i. Identify and handle missing values.
ii. Detect and remove outliers using the IQR 
approach.

b. Data Analysis
i. Examine dataset characteristics.
ii. Verify data integrity.

Features Extraction
a. Correlation

i. Compute correlation matrix.
ii. Select features with significant correlation.

b. K-Best
i. Employ K-Best feature selection method.
ii. Choose top-performing features based on eval-
uation scores.

Machine Learning
a. Random Forest

i. Implement Random Forest algorithm.
ii. Train the model using selected features.

b. AdaBoost
i. Apply AdaBoost algorithm.
ii. Enhance model performance through boosting.

c. LSTM
i. Implement Long Short-Term Memory (LSTM) 
neural network.
ii. Utilize LSTM for sequence modeling in time 
series data.

Output Predicted results for the given IoT data.

Data collection 
The data collection process from the IoT device is 
enabled and supported by the Things Speak cloud in 
this research. The Arduino IDE code incorporates the 
channel’s API key and the WIFI credentials required 
for connectivity. After configuring the time zone dur-
ing data collection, we export the information as a 
CSV file. By employing two separate channels, one 
administers the initial dataset, and the other collects 
often unseen datasets in preparation for model eval-
uation. The training dataset, denoted by the API Key 
RS9JIEVR9PBNO7EH, consists of 14,512 entries. 
A week’s worth of data is gathered for the unseen or 
testing dataset, which the API Key AS69A06RVF8Z-
B55H denotes and comprises 2,055 entries. Figure 2 
illustrates the visual representation of the initial data 
structure. Figure 3 shows the representation of the 
unseen dataset.

Data Preprocessing
As our research explores the complexities of real-world 
datasets, we commence with the fundamental pro-
cedure of data cleansing, understanding its critical 
significance in ensuring reliable insights. We apply a 
basic preprocessing method to avoid computational 
complexity and time. The dataset was chronologically 
sorted before modeling. For tree-based models, lag-
based temporal consistency was maintained through 
ordered splitting. For LSTM, sequential input win-
dows were constructed to preserve temporal data de-
pendencies. The integrity of the dataset was verified 
in our research effort by stringently examining it for 
missing values using the pandas and NumPy librar-
ies. By implementing the Interquartile Range (IQR) 
method, prospective disruptions were effectively mit-
igated by effectively managing outliers. This action 
was taken to correct any errors and strengthen the 



2026 | Volume 45 | Issue 1 | Page 5

Journal of Engineering and Applied Sciences
dataset’s structure. This research-driven undertaking 
highlights the significance of data cleansing, which 
guarantees the reliability and accuracy of our anal-

yses and contributes to the overarching objective of 
extracting valuable insights. Algorithm 02 describes 
the overview of data preprocessing. 

Table 2: Algorithm 02: Dataset Cleaning
Input: IoT Dataset
Output: Cleaned dataset suitable for analysis
1. Identify Missing Values

a. Check for missing values in the dataset.
b. If missing values exist: Remove or replace with an appropriate test statistic.

2. Outlier detection
a. Use the Interquartile Range (IQR) approach to identify outliers.
b. Decide whether to remove or relocate outliers based on the use case.

3. Datetime formatting
a. Recognize the importance of datetime formatting, especially for time series forecasting.
b. Convert the date column into datetime format.

4. Utilize Python Libraries
Implement Python libraries such as NumPy and pandas for efficient data cleaning.

5. Ensure Consistency
Maintain consistency and reliability throughout the cleaning process.

6. Iterative Approach
a. If issues or errors are encountered during subsequent analyses: Consider an iterative approach to revisit and refine data 
cleaning steps.

Figure 2: Data Collection For original or training dataset.

Figure 3 Data Collection For unseen or testing datasets.
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Calculating Power Consumption
Power consumption is calculated as P = V × I using 
220V AC and current from the calibrated ACS712 
sensor, with energy estimated by integrating pow-
er over discrete sampling intervals. In this research, 
we use a current sensor as a small LED for input, al-
lowing us to get small current values. After getting 
the data, the next step is machine learning. Initially, 
the model could not predict because there were not 
enough variations in the dataset, which caused the 
model not to learn anything and continuously overfit 
(Qadeer and Ehsan, 2021). 

Features extraction 
After working with data preprocessing, we have moved 
to feature selection. We have used two methods for 
feature selection. One is Co-relation and the other is 
k-best. After using both methods, we have two col-
umns in return: temperature and current. The model 
identified two critical columns, temperature and cur-
rent, for their selection based on fewer variations in 
the dataset than the other two. Fig. 4 represents the 
feature selection approach using Co-relation.

Figure. 4. The feature selection approach using Co-rela-
tion.

Prediction via Machine Learning
Predicting a result based on past or present circum-
stances is the practice of forecasting. If we look at 
the artificial intelligence field, we forecast the future 
based on prior knowledge and current information. 
These issues are dealt with by the subset of the arti-
ficial intelligence field known as Machine Learning. 
Machine learning is the most effective method now 
available for assisting organizations in increasing ef-
ficiency. In this, we train the machine, create a model, 
and then forecast the desired outcome based on the 
model. Regression is the process of predicting an out-
come based on previous inputs. We have four inde-
pendent variables or inputs in our problem.

•	 Temperature
•	 Humidity
•	 Current
•	 Motion and the result or dependent variable 
•	 Power Consumption

To mitigate overfitting, hyperparameter tuning was 
conducted using validation data. Early stopping was 
use for LSTM training. Tree depth and number of 
estimators were restricted for ensemble models. Ad-
ditionally, feature selection reduced redundant inputs. 
The dataset requires the application of a time-series 
regression model and a forecast of the outcome ob-
tained during the data analysis. We used our data to 
apply three models, evaluate the results, and choose 
the most accurate one based on MAE and MSE 
(Root Mean Squared Error) and by analyzing the re-
sults of these models on unseen datasets. Hyperpa-
rameters were optimized using grid search combined 
with time-series split validation. For Random Forest 
and AdaBoost, parameters such as number of esti-
mators, tree depth, and learning rate were tuned. For 
LSTM, hidden units, batch size, learning rate, and 
number of layers were experimentally adjusted. The 
configuration yielding the lowest validation RMSE 
was selected. Hyperparameters were tuned using grid 
search with time-series split validation. Random For-
est achieved optimal performance at 60 estimators, 
max depth 14, and min samples split 4, while Ad-
aBoost performed best with 80 estimators, learning 
rate 0.1, and tree depth 11. The LSTM used three 
layers with 200 units each, batch size 32, learning rate 
0.001 (Adam), and early stopping to prevent overfit-
ting. All experiments were conducted using Python 
3.10 on a system with Intel i7 processor 12th gener-
ation and 16GB RAM. The dataset was chronologi-
cally divided into 75% training data and 25% unseen 
testing data to preserve temporal structure. Hyperpa-
rameters were optimized using grid search combined 
with time-series split validation.

Random Forest
A regression-based supervised machine learning 
method is called Random Forest (Nawaz et al., 2023). 
The following parameters are used to create the Ran-
dom Forest object. N estimators specify how many 
decision trees will be used in the random forest. The 
intended number of decision trees is kept in the var-
iable n in the code snippet you offered. In our case, 
we get 60 trees as optimal as per the random forest 
model. Therefore, we chose 60 trees. Random state: a 
seed that is selected from at random and used to du-
plicate the same results over several runs. Setting this 
parameter to a fixed value ensures that the algorithm’s 
random initialization is the same in every run, result-
ing in reproducible results. OOB Error determines an 
optimal number of decision trees and fully tunes the 
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model. Out-of-bag Error is defined as the proportion 
of inaccurate classifications to out-of-bag samples. 
The optimal number of decision trees suggested using 
OOB error is 60. Figure 5 depicts the OOB error as a 
function of the tree plot.

Figure. 5. OOB error as a function of trees Plot.

Figure 6 shows the random forest predictions on the 
test dataset.

Figure. 6. Random forest predictions on the test dataset.

Adaboost
AdaBoost (Girisha et al., 2023) Regression is an en-
semble learning technique. To produce a powerful, 
precise regression model, it integrates several weak 
learners’ predictions, typically decision trees or other 
basic models. AdaBoost uses an iterative procedure 
to function. Using an iterative strategy, the ensemble 
concentrates on more challenging samples, lowering 

the final model’s bias and variance. A weighted sum 
of the predictions from each weak learner is the fi-
nal prediction in an AdaBoost Regression. AdaBoost 
Regression is frequently used in fields where contin-
uous numerical value prediction is essential. It can be 
applied to population growth modeling, home price 
estimation, and stock price prediction projects. In our 
project, we selected decision trees as the base esti-
mator for adaboost. These base estimators are called 
weak learners. The decision trees give good prediction 
accuracy on our dataset. The max depth we have se-
lected is 11, in which the model is not overfitting. We 
have also tested with other depths, but their mod-
el is overfitting. Every model has its way of learning 
patterns and behavior in a dataset. Therefore, results 
on the same dataset can be different for every model. 
Figure 7 depicts the training vs test error plot.

Figure. 7. The training vs test error plot

Figure 8 shows the adaboost predictions on the test 
dataset.

Figure. 8. Adaboost forest predictions on the test dataset.
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Long short-term memory (LSTM)
Long short-term memory (LSTM) (IoT Based Dig-
ital Wattmeter, 2021) neural networks are a type of 
Recurrent neural network that can capture long-term 
dependencies in data and make more accurate pre-
dictions based on that dependency. LSTM is used to 
predict weather forecasts and stock prices. The first 
LSTM layer in our model, LSTM 18, has shape 
weights (2, 200). The first dimension represents the 
number of input features or units from the previous 
layer. In contrast, the number of units in the current 
LSTM layer is represented by the second dimension. 
The second LSTM layer in our model, LSTM 19, has 
shape weights (50, 200). The first dimension repre-
sents the number of input features or units (50 in our 
case) from the previous layer. In contrast, the second 
dimension represents the number of units (200) in the 
current LSTM layer. The third LSTM layer in our 
model, LSTM 20, has shape weights (50, 200). The 
first dimension represents the number of input fea-
tures or units (50) from the previous layer. In contrast, 
the second dimension represents the number of units 
(200) in the current LSTM layer. Figure 9 shows 
the loss graph of the training vs test set. The higher 
LSTM RMSE is due to limited dataset size and low 
temporal variability, making tree-based models such 
as Random Forest and AdaBoost more effective; fu-
ture work will use larger datasets to capture long-term 
dependencies.

Figure. 9. Loss Graph of Training vs Test Set

Figure 10 shows the LSTM predictions on the test 
dataset.

Models Evaluation Metrics Comparison
Time-series cross-validation with a five-fold rolling 

window was applied to preserve chronological order, 
using earlier windows for training and subsequent 
ones for validation. The average RMSE was 16.12 
for Random Forest, 15.89 for AdaBoost, and 20.31 
for LSTM, confirming AdaBoost’s superior stability. 
Random Forest may struggle with long-term tempo-
ral dependencies. AdaBoost is sensitive to noisy data 
and outliers. LSTM requires large datasets and high-
er computational resources, which may limit deploy-
ment on low-power edge devices.

Figure. 10. LSTM forest predictions on the test dataset.

System Testing and Evaluation

Hardware Test 
We tested the hardware device to ensure it worked 
perfectly. Hardware validation was performed under a 
regulated 220V AC supply using resistive loads from 
20W to 200W. The ACS712 sensor was calibrated 
against a Fluke 17B+ multimeter with a mean abso-
lute deviation of 0.018 A, while the DHT11 showed 
±1.8°C temperature and ±4% humidity deviation 
compared to a reference thermo-hygrometer. Data 
were sampled every 15 seconds and transmitted via 
NodeMCU ESP8266 to ThingSpeak with 1.8–2.6 
s latency, and the PIR sensor range was verified up 
to 5 m at 120°. The software architecture follows a 
three-layer model: perception layer such as sensors, 
communication layer which are WiFi and cloud API, 
and application layer Python-based machine learning 
engine. Data preprocessing and model training were 
implemented using Python with NumPy, pandas, 
scikit-learn, and TensorFlow libraries. 
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Table 3. Comparison of models 
Models MAE RMSE Time Complexity (sec) Space Complexity (KB)

Train Prediction Train Prediction
Random Forest 12.06 15.86 1.5226 0.0414 0.0001 0.0140
LSTM 14.84 19.52 188.2562 12.1843 672.0312 146.7226
Adaboost 12.50 15.64 1.2621 0.0482 0.0001 0.0140

Table 4: Test case of hardware testing and data transferred testing.
Steps Task Expected 

Outcome 
Actual 
Outcome

1 Sensors are calibrated properly Pass/Fail Pass
2 Connections of the device are configured properly Pass/Fail Pass
3 Verify that the PIR motion sensor is giving one on motion detection and 0 otherwise. Pass/Fail Pass
4 Verify that the PIR motion sensor is within its range Pass/Fail Pass
5 The current sensor is giving an output value of the same as the multimeter Pass/Fail Pass
6 Verify Wireless connectivity module in NodeMCU works accurately Pass/Fail Pass
7 Data from the device is transferred to ThingSpeak until connected to the internet. Pass/Fail Pass

Table 5: Case of software performance
Steps Task Expected 

Outcome 
Actual 
Outcome

1 Verify the dataset uploading speed should be within 3-5 seconds Pass/Fail Pass
2 Verify predictions will be displayed within 5 seconds after uploading the dataset Pass/Fail Pass
4 After pressing login, details will be fetched from the database within 2 seconds. Pass/Fail Pass
5 The main page will load within 1 second after pressing login Pass/Fail Pass
6 Verify that the model will be loaded within 2-3 minutes Pass/Fail Pass

Software Performance Testing
Software performance testing is the process of evalu-
ating software’s functionality. This procedure assesses 
the system’s dependability, efficiency, and accuracy.

Discussion 

The proposed IPA-DS system demonstrates a com-
prehensive approach to smart home energy manage-
ment with integrating IoT data acquisition, machine 
learning-based prediction, and real-time monitoring. 
The framework’s novelty lies in its combined archi-
tecture, which incorporates structured preprocessing, 
correlation and K-best feature selection, and compar-
ative evaluation of collective and deep learning mod-
els. This multi-model approach ensures that the most 
accurate prediction model is selected for residential 
energy optimization, distinguishing IPA-DS from 
existing methods that typically rely on single-model 
predictions and only provide monitoring functional-
ity. Experimental results indicate that the system can 

effectively support residential energy monitoring, de-
mand-response optimization, and anomaly detection. 
Hyperparameter tuning was conducted using grid 
search with time-series split validation, and the da-
taset was chronologically divided into 75% training 
and 25% unseen testing data to maintain temporal 
consistency. These measures improved model gener-
alization and minimized overfitting, ensuring relia-
ble predictive performance across different scenari-
os.  Despite these strengths, deployment challenges 
remain. Large-scale implementation requires robust 
cloud infrastructure to handle streaming IoT data, 
and network latency may affect real-time decision 
making. Data privacy and cybersecurity risks must be 
addressed through secure communication protocols, 
while periodic model retraining is necessary to adapt 
to seasonal changes and evolving user behavior. Addi-
tionally, the system’s predictive accuracy is influenced 
with the size and variability of the collected dataset, 
highlighting the need for extended data collection 
and potential inclusion of voltage fluctuations for 
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more precise power estimation. Overall, the IPA-DS 
framework provides a practical and flexible solution 
for smart energy management in residential settings, 
combining real-time monitoring, predictive analytics, 
and adaptive decision-making, while outlining clear 
directions for addressing real-world deployment con-
straints.

Conclusions and Recommendations

This research concludes with the design and imple-
mentation of an IoT-based smart home energy man-
agement system integrated with machine learning 
for optimized energy consumption. The IoT device 
is equipped with DHT11, ACS712, and PIR mo-
tion sensors, controlled via NodeMCU. The software 
implementation includes a machine-learning model 
trained on a self-generated dataset to predict future 
power consumption, with the gathered data contrib-
uting to a comprehensive dataset. The primary objec-
tive is to enable users to make informed energy usage 
decisions. The system is enhance energy efficiency in 
smart homes and small buildings by detecting anom-
alies, scheduling appliances, and supporting predic-
tive maintenance, with potential integration into 
demand-response programs. Deployment challenges 
involve cloud scalability, network latency, cybersecuri-
ty, and periodic model retraining to adapt to seasonal 
and behavioral changes. Our ongoing work focus-
es on further enhancements to expand applicability 
and improve system robustness. Although the pro-
posed system demonstrates effective prediction per-
formance, limitations include dataset size, constant 
voltage assumption, and limited seasonal variability. 
Future work will extend data collection duration and 
incorporate dynamic voltage monitoring for more ac-
curate power estimation.
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