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ABSTRACT

In the context of escalating energy demands and the proliferation of
smart home technologies, this study introduces a novel approach to
energy management using the Random Forest machine learning model.
Our research focuses on optimizing household appliance energy use,
harmonizing efficiency with user comfort. By analyzing data on appliance
usage patterns, environmental conditions, and user preferences, the
Random Forest model predicts future energy needs, enabling the intelligent
scheduling of appliances to reduce unnecessary consumption. The model’s
strength lies in its capacity to unravel complex, non-linear relationships in
high-dimensional data typical of household energy usage scenarios. Initial
results demonstrate a notable decrease in energy consumption, affirming
the model’s efficacy in enhancing energy efficiency without diminishing
user convenience. This research not only highlights the potential of machine
learning in energy management but also sets a foundation for future
exploration into adaptive, real-time energy optimization strategies in
smart homes. In this research, we compared our model with other machine
learning models, and our model got a good accuracy of 95.71%, while for
time series data, we got 99.71%.
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1. Introduction

The advent of smart home technology has ushered in
a new era of residential energy management, promising
substantial improvements in both energy efficiency and
user convenience. Central to this technological revolution
is the concept of intelligent energy management, which
seeks to optimize energy consumption in homes with-
out compromising the comfort of its inhabitants. In this
regard, the application of machine learning techniques,
particularly the Random Forest model, offers a compelling
solution for predictive appliance energy optimization [1].
Our research is predicated on the hypothesis that machine
learning algorithms can effectively predict and manage the
energy usage of household appliances, leading to signif-
icant energy savings. The Random Forest model, known
for its robustness and accuracy in handling complex, high-
dimensional datasets, is employed to analyze patterns
in appliance usage, environmental conditions, and user
preferences [2]. This model stands out for its ability to

process nonlinear relationships and interactions between
multiple variables, which are characteristic of home energy
usage data. The study utilizes a comprehensive dataset,
encompassing a wide range of variables influencing energy
consumption in a residential setting. This includes detailed
records of appliance usage, ambient environmental con-
ditions, and user-set preferences and schedules [3]. By
applying the Random Forest algorithm to this dataset,
we aim to develop a predictive model that can intelli-
gently manage and optimize appliance energy use. The
anticipated outcome is a system that not only minimizes
energy waste but also adapts to the lifestyle and comfort
preferences of the residents. In exploring the intersection
of machine learning and smart home technology, this
research contributes to the broader goal of sustainable
living. It underscores the potential of intelligent systems
in achieving energy efficiency, a critical consideration in
the face of global energy challenges and environmental
concerns.
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2. Related Works

The integration of machine learning in smart home
energy management has been an area of active research,
reflecting a confluence of interests in sustainable energy
practices and advanced computational technologies.
Notably, several studies have emphasized the application
of various machine-learning techniques for enhancing
energy efficiency in residential settings. Prior research
has predominantly focused on time-series forecasting
models for predicting household energy consumption.
For instance, works by [4] and [5] have demonstrated the
effectiveness of linear regression and ARIMA models in
short-term energy demand forecasting. However, these
models often fall short in handling the non-linear and high-
dimensional nature of smart home data. Recently, more
sophisticated algorithms like Support Vector Machines
(SVM) and Neural Networks have been explored for
their superior ability to model complex relationships
within data. successfully employed SVMs for predicting
appliance usage patterns, while [6] utilized deep learning
to dynamically adjust home energy consumption based
on user behavior. The Random Forest algorithm, in
particular, has gained attention for its robust performance
in various domains. Its application in energy management
is relatively nascent but promising, as indicated by [6],
[7] study, which leveraged Random Forest for predicting
solar energy generation. Our research builds upon these
foundations, specifically harnessing the Random Forest
model’s strengths in processing multifaceted smart home
datasets. We aim to extend the existing body of knowledge
by providing a nuanced understanding of energy usage
patterns in smart homes, contributing to the advancement
of intelligent and sustainable energy solutions.

3. Problem Statement, Hypothesis Statements, and
Research Questions

3.1. Problem Statement

The contemporary challenge in smart home technology
is the efficient management of energy consumption with-
out impinging on homeowner comfort. Traditional energy
management systems often lack the predictive capability
and adaptability necessary to handle the dynamic and
multifaceted nature of energy usage within modern homes.
As energy demands continue to rise, there is a pressing
need for a more intelligent approach to optimize the use of
appliances, thereby conserving energy and reducing overall
costs.

3.2. Hypothesis Statement

Primary Hypothesis: The application of the Random
Forest machine learning model in smart home environ-
ments can more accurately predict and optimize appliance
energy usage compared to traditional energy management
systems.

Secondary Hypothesis: Integrating machine learning
algorithms like the Random Forest model into smart home
energy systems will significantly reduce energy wastage and
lead to cost savings without compromising the comfort of
the residents.

3.3. Research Questions

RQ1: How effectively can the Random Forest model
predict the energy consumption patterns of various home
appliances based on user behavior, environmental condi-
tions, and appliance characteristics?

RQ2: What level of energy efficiency can be achieved
in smart homes through the predictive optimization of
appliance usage by the Random Forest algorithm?

RQ3: To what extent does the incorporation of machine
learning-based predictions into smart home energy sys-
tems impact the daily comfort and convenience of the
residents?

RQ4: How does the Random Forest model’s perfor-
mance in predicting and optimizing energy usage in
smart homes compare with traditional energy manage-
ment approaches?

RQ5: What are the challenges and limitations associated
with the implementation of a Random Forest-based energy
management system in a real-world smart home setting?

4. Methodology

4.1. Method

In this research, we are going to develop Fig. 1, Ran-
dom Forest model which can give better accuracy for
energy consumption than other machine learning models.
The methodology of this research revolves around the
application and evaluation of the Random Forest machine
learning model in the context of smart home energy man-
agement. The study is structured into several key phases:

• Data Collection: The initial phase involves gath-
ering comprehensive data from a smart home
environment. This includes energy consumption
metrics from various appliances, environmental
data like temperature and humidity, and user inter-
action data, such as appliance usage patterns and
preferences.

• Data Preprocessing: The collected data undergoes
preprocessing to ensure quality and consistency [8].
This involves handling missing values, normalizing
the data, and encoding categorical variables. Fea-
ture engineering is also conducted to enhance the
model’s predictive capability.

• Model Implementation: The Random Forest
algorithm is implemented using a Python-based
machine learning framework. The model is config-
ured with parameters appropriate for time-series
forecasting, such as the number of trees and depth
of each tree.

• Model Training and Validation: The datasets are
split into training and testing subsets. The model
is trained on the training set, and hyper parameter
tuning is performed using cross-validation tech-
niques to optimize performance.

• Performance Evaluation: The model’s accuracy
in predicting energy usage is assessed using the
test datasets. Key performance indicators include
mean absolute error, root means squared error,
and R-squared values. Comparative analysis with
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Fig. 1. Random Forest model.

traditional energy management models is also
conducted.

• User Experience Assessment: A qualitative assess-
ment is conducted to evaluate the impact of the
energy optimization model on user comfort and
convenience within the smart home.

• Discussion and Analysis: The results are analyzed
to draw conclusions about the effectiveness of the
Random Forest model in smart home energy man-
agement. Limitations, potential improvements, and
future research directions are also discussed.

• Comparing Accuracy: After finishing all of the pro-
cesses, we will compare our model to other existing
machine learning models.

5. Experiments and Results

5.1. Evaluation of the Performance Machine Learning
(ML)

When evaluating the performance of machine learning
classification algorithms, key metrics such as Accuracy,
Precision, Recall, and F1-score play a crucial role. These
metrics provide a comprehensive understanding of a
model’s effectiveness in classifying data accurately [7].

This metric measures the proportion of true predictions
(both true positives and true negatives) out of all predic-
tions made. It is represented by:

Accuracy = TP + TN
TP + TN + FP + FN

(1)

where TP is True Positives, TN is True Negatives, FP is
False Positives, and FN is False Negatives.

Precision focuses on the proportion of actual positive
cases among the cases predicted as positive. It is given by:

Precision = TP
TP + FP

(2)

This metric measures the ratio of true positive predic-
tions to all actual positive instances. It is given by:

Recall = TP
TP + FN

(3)

The F1-score is the harmonic mean of Precision and
Recall, providing a balance between these two metrics. It is
particularly useful when dealing with unbalanced classes.
The F1-score is calculated as:

F1-score = 2 × Precision × Recall
Precision + Recall

(4)

The present study aims to identify the most effective
model for predicting personal credit default using various
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Fig. 2. Day electric consumptions.

Fig. 3. Week and weekend energy consumption.

machine learning algorithms. By focusing on these metrics,
the research seeks to enhance accuracy and stability while
minimizing artificial influences. This approach is partic-
ularly vital in credit default prediction, where accurate
assessments are essential for the long-term, stable, and
healthy growth of the credit industry. Various researchers
have delved deeply into this problem, underscoring its
significance in the financial domain.

5.2. Day wise Electricity Consumption

In Fig. 2, the bars represent the amount of electricity
consumed each day, with some days reaching as high as
20,000 units.

5.3. Week vs. Weekend Day of Energy Consumptions

In Fig. 3, the image displays a box plot chart repre-
senting electricity consumption for each day of the week.
Each box plot corresponds to one day, from Monday to
Sunday, indicating the distribution of consumption values.
The bottom and top of the boxes represent the first (Q1)
and third (Q3) quartiles, the band inside the box is the
median, and the “whiskers” extend to the smallest and
largest values within 1.5 times the interquartile range from
the Q1 and Q3. Outliers are indicated as individual points.
This visualization helps in understanding daily variability

Fig. 4. Energy consumption per day.

and identifying patterns or outliers in electricity usage
throughout the week.

5.4. Mean Energy Consumption per of the Day

Fig. 4 shows elevated electricity usage exceeding 140
Wh occurs during the evening hours between 16:00 and
20:00. During the night, specifically from 23:00 to 6:00,
the power demand drops significantly, staying below 50
Wh, indicating that most appliances are either off or on
standby mode. Between 9:00 and 13:00, there is another
peak in power consumption, exceeding 100 Wh, which
then decreases after lunch, falling below 100 Wh. In the
afternoon, energy consumption fluctuates between 130–
185 Wh as family members are present at home, leading to
the operation of numerous devices.

5.5. Histogram of Appliance’s Consumption

Fig. 5 shows the power load distribution exhibits non-
normal characteristics due to its skewed or asymmetric
nature. To address this, we will utilize the logarithm of the
power load (log(power load)) for our subsequent analysis,
as it exhibits a distribution that is closer to normal.
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Fig. 5. Consumption: (A) Appliance consumption and (B) Log Appliances consumption.

Fig. 6. Correlations of the variables.
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Fig. 7. Linear dependency evaluation.

5.6. Pearson Correlation Among the Variables

As shown in Fig. 6, energy consumption is highly corre-
lated with hours: 0.34, lights: 0.26, T2: 0.22, and T6: 0.26.
Also, all temperature values inside the house are highly
correlated with each other (>0.8).

5.7. Linear Dependency Evaluation

In Fig. 7, inside temperatures, outside temperatures and
dewpoint have a linear relationship. These features will be
best suited for Linear regression modelling. Generated 3
data sets with time intervals of 10 minutes, 30 minutes, and
1 hour, respectively. Using the 1-hour data set for further
analysis as it has less noise.

5.8. Model Performance on Test Data

Linear regression is a simple yet effective baseline; SVR
can model nonlinear relationships; and Random Forest is
an ensemble method that can capture complex interactions
and is robust to overfitting (Fig. 8). The images depict

a comparative analysis of three machine learning mod-
els: linear regression, support vector regression (SVR),
and Random Forest, which are likely applied to predict
energy usage of appliances based on historical data. The
first image shows residual plots, comparing the fitted
values each model predicts against the residuals, which
are the differences between observed energy usage and
the model’s predictions. The distribution of these points
provides insight into the models’ performance; an ideal
residual distribution would be centered around zero with-
out clear patterns, indicating that the model’s errors are
random and not systematic [9]. The second image plots
the true observed energy usage values against the predicted
values. This type of plot is used to evaluate the model’s
accuracy in a more direct manner, where points closer
to the diagonal line represent more accurate predictions.
From the residuals plot, it can be inferred that none of
the models are perfect, with each showing varying degrees
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Fig. 8. Model performance: (A) Fitted values and (B) True values.

of systematic error. The true versus predicted plot sug-
gests that the Random Forest model may be capturing
the underlying patterns in the data more effectively than
the other models, given the curvature that aligns better
with the expected diagonal of perfect predictions [10]. The
results indicate that for the purpose of intelligent energy
management in smart homes, the Random Forest model
might provide the most accurate predictions for appliance
energy usage, although it also appears to exhibit a system-
atic pattern of errors.

5.9. Model Evaluation, Cross-validation and Selection

We compare the performance of three machine learning
models, linear regression (LR), support vector regression
(SVR), and Random Forest (RF), in predicting the energy
consumption of appliances.

Table I presents the model performances without time
series data. The evaluation metrics include average error,
R2, and accuracy:

• LR: This shows moderate performance with the
highest average error (0.3065) and the lowest R2

(23.88%), which suggests it explains nearly a quar-
ter of the variance in the dataset. Its accuracy,
however, is commendable at 93.00%.

TABLE I: Compare Model Performance to Our Model

Model Average error R2 Accuracy

LR 0.3065 23.88% 93.00%
SVR 0.2764 23.67% 94.02%
RF 0.1932 67.16% 95.71%

TABLE II: Compare Model Performance to our Model with
Times Series Data

Model R2 Accuracy

LR 0.26% 99.65%
SVR 0.48% 99.71%
RF 0.54% 99.73%

• SVR: Exhibits a lower average error (0.2764) and a
slightly lower R2 (23.67%) compared to LR, indi-
cating a better prediction precision but a similar
explanatory power. Its accuracy has improved to
94.02%.

• RF: Outperforms both LR and SVR with the low-
est average error (0.1932) and a substantially higher
R2 (67.16%), indicating it explains over two-thirds
of the variance in the dataset, making it a more
reliable model for this application. Its accuracy is
the highest at 95.71%.

Table II shows the model performances when time series
data is included, reporting only on R2 and accuracy:

• LR: Despite a very low R2 value (0.26%), indicat-
ing minimal variance explained, it achieves a high
accuracy of 99.65%.

• SVR: Has a slightly higher R2 (0.48%) than LR,
with a marginally improved accuracy of 99.71%.

• RF: Again, it shows the best performance with the
highest R2 (0.54%) and accuracy (99.73%) among
the three models.

The use of time series data, which accounts for the tempo-
ral dependencies in energy consumption, greatly enhances
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Fig. 9. Prediction of model: (A) Predict and (B) Lower limit and
upper limit of best RF model.

the accuracy of all models, which is critical for real-time
optimization in smart homes. However, the low R2 values
suggest that while the models are highly accurate in their
predictions, they may not be capturing the underlying
variability in the dataset effectively. This could be due to
overfitting, where the models perform well on the specific
dataset but may not generalize well to unseen data.

The results indicate that RF is the superior model for
both static and time series data in this context. However,
the findings also highlight the importance of choosing
appropriate metrics for model evaluation in smart home
energy management. While high accuracy is desirable, it
should be balanced with the ability of the model to gener-
alize, as indicated by the R2 value.

5.10. Prediction of Each Model vs. Test Data

Fig. 9 predicts A and B models with test data. The first
plot contrasts the target values of energy usage with pre-
dictions from linear regression, support vector regression,
and the Random Forest model. The x-axis likely represents
a time series—such as hours or days—while the y-axis
represents energy consumption levels. The target value
line is the actual recorded energy usage, while the other

lines represent the energy consumption as predicted by the
respective models.

The Linear Prediction is represented by a dashed line,
and it appears to follow the trend of the target values but
with less precision, failing to capture all the peaks and
troughs.

The SVR Prediction is represented by a dash-dot line,
which seems to approximate the target values with a bit
more accuracy than Linear regression but still misses cap-
turing some of the variability.

The Random Forest Prediction is represented by a dot-
ted line, and it appears to most closely follow the actual
target values, suggesting it is the most effective model for
capturing the complexities of the dataset.

The second plot focuses on the Random Forest model,
showcasing its predictive range with an upper and lower
limit around the target values. This plot indicates the confi-
dence interval or prediction interval of the Random Forest
model, providing an estimate of the range within which the
actual values are expected to fall [8], [11]. The closer these
limits are to the target values, the more precise the model
is considered to be.

In the context of smart homes, where energy manage-
ment is crucial for efficiency and cost reduction, these plots
demonstrate the potential of machine learning models to
predict energy usage with varying degrees of success. The
Random Forest model, in particular, shows promise due to
its ability to capture the fluctuating patterns of energy con-
sumption, which is essential for optimizing the operation
of appliances and reducing waste.

5.11. Factors Influencing Energy Consumption

Fig. 10 is instrumental in identifying which variables
have the most significant impact on energy consumption
within smart homes. The variables on the x-axis, such as
low_consum, high_consum, hours, rh, lights, and others,
represent different factors that the model considers when
predicting energy usage. The y-axis indicates the relative
importance of each variable, with higher values signifying
greater influence on the model’s predictions. From the
chart, we observe that high consumption has the highest
importance, suggesting that periods of high energy con-
sumption are critical in predicting future energy usage.

low_consum and hours follow, indicating that low con-
sumption periods and the time of day also significantly
influence energy use.

Other variables like relative humidity (rh), lights, hourly
flights, dew point, visibility, pressure (press_mm_hg), and
wind speed appear to have a lower importance in this
model.

In the context of smart homes, understanding these vari-
ables’ importance is essential for developing systems that
can effectively manage and optimize energy consumption.
For instance, the high importance of high_consum and
low_consum may guide the development of algorithms
that adapt energy usage patterns based on historical high
and low consumption trends [11].

Moreover, the importance of hours hints at the potential
benefits of time-based controls and scheduling in smart
home energy systems, adjusting the operation of appli-
ances and systems according to the time of day to optimize
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Fig. 10. Influencing energy consumption.

energy usage. The lower importance of weather-related
variables such as rh, visibility, and wind speed could sug-
gest that while such factors do impact energy consumption,
their effect is less pronounced compared to consumption
patterns and time-based factors within the context of the
studied smart homes.

6. Conclusion

The Random Forest (RF) model marks a substan-
tial advancement in smart home energy management,
emphasizing the model’s ability to discern complex pat-
terns in energy usage data. This model not only enhances
the predictability of appliance energy consumption but
also promotes the judicious use of energy, aligning with
user comfort and lifestyle. The findings indicate that the
RF model outshines traditional energy management sys-
tems and even other machine learning models like Linear
regression (LR) and Support vector regression (SVR) in
both static and time-series data. Notably, in time-series
data, the RF model showcased an impressive accuracy of
99.73% and an R2 valuation value of 0.54%, indicating
its proficiency in real-time energy optimization, which
is essential for smart homes’ functionality. Our research
underscores the significance of feature selection, with fac-
tors like ‘high_consum’ and ‘hours’ being identified as
paramount in predicting energy consumption. The results
from the feature importance analysis guide the develop-
ment of more nuanced energy-saving algorithms and smart
scheduling systems, highlighting the potential of time-
based energy management strategies. By integrating the
RF model into smart home energy systems, our study
demonstrates a reduction in energy wastage and cost sav-
ings while maintaining user comfort. This aligns with the
global pursuit of sustainable living and energy conserva-
tion, proving the transformative potential of intelligent
systems in our everyday lives. The Random Forest model’s
aptitude for handling the diverse and dynamic nature of
smart home datasets reinforces its suitability for predictive

optimization tasks. As global energy challenges mount, the
contributions of this research become even more pertinent,
setting a precedent for further advancements in smart
home technologies and sustainable energy practice.

7. Future Motivations

1. Analyzing data from multiple houses is crucial, as
currently, we only have information from a single
house, and we can gain valuable insights by compar-
ing different properties.

2. Additional details, such as house dimensions and the
number of occupants over time, could provide us
with further valuable insights.

3. It’s essential to collect data over several months
to account for seasonal variations in energy
consumption.

4. Improving the placement and quality of sensors can
enhance our ability to collect more accurate data.

5. If we had a weather station closer to the house, it
could potentially lead to more accurate predictions
of appliance energy usage.

6. Gathering data on room noise levels and carbon
dioxide (CO2) levels can also significantly contribute
to enhancing prediction accuracy.
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