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ABSTRACT

Modeling and simulating indoor temperature changes is crucial for improving the energy efficiency of HVAC
systems in smart buildings. This study created and compared two models, Random Forest and Multi-Layer
Perceptron (MLP), to study indoor temperature changes and make 24-hour temperature predictions. The dataset
used contained 97,606 readings from IoT sensors on Kaggle, which were then processed into 38,334
observations with a 5-minute interval. The feature engineering process included creating lag features, moving
statistics, and temperature differences in order to capture the time patterns and thermal properties of the
building. The Random Forest model showed better results with MAE of 0.146°C, RMSE of 0.285°C, and R?
of 0.986, far better than the MLP which had MAE of 0.470°C, RMSE of 0.731°C, and R? of 0.907. A 24-hour
simulation proved the Random Forest's ability to make step-by-step predictions, achieving an MAE of 0.057°C
and an R? of 0.993 without any cumulative errors. Random Forest was able to capture dynamic temperature
changes (29.5-35°C), while MLP provided more stable results (32.5-35°C). The results of the study show that
Random Forest is more efficient in modeling temperature changes, with the potential for HVAC energy savings
of 15-25% through more precise settings based on predictions.
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1. INTRODUCTION

The development of Internet of Things (IoT) technology provides opportunities in monitoring
and managing smart building systems, particularly temperature control. IoT sensors collect real-time
temperature data for more accurate prediction systems (Halhoul Merabet et al., 2021). The ability to
predict indoor temperatures by observing outdoor conditions is crucial. This is because HVAC
(Heating, Ventilation, and Air Conditioning) systems are among the largest energy consumers in
commercial buildings and homes. These systems can account for up to 40-60% of total energy
consumption (Fang et al., 2021). Accurate predictions can help HVAC systems become more active
and efficient. This can reduce energy waste and also improve temperature comfort for occupants
(Kathirgamanathan et al. 2021).

The biggest challenge in predicting indoor temperatures stems from the complex relationship
between outdoor conditions and indoor temperature changes. Many factors, such as outdoor
temperature, humidity levels, daily and seasonal temperature patterns, building thermal response,
and the nature of insulation and ventilation, interact in complex and indirect ways to influence indoor
temperatures (Plananska et al. 2022). Traditional approaches that rely on thermal modeling require a
strong understanding of building factors such as how well a building conducts heat, its heat storage
capacity, and material properties, which are often difficult to obtain or estimate accurately (Aggarwal
et al. 2022). This limitation has prompted a search for alternative methods that focus on learning
from existing data, where machine learning algorithms can discover complex patterns and non-linear
relationships without having to describe physical parameters in detail (Sun et al. 2020). When
predicting the temperature in a room, choosing the right machine learning algorithm is crucial for
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obtaining accurate results. There are two different methods that have been proven successful in many
prediction applications, namely Random Forest and Multi-Layer Perceptron (MLP). Random Forest,
which is a combined method that uses decision trees, has the advantage of being able to handle non-
linear relationships, is resistant to unusual data, and can explain how important features are in
predictions (Lu et al. 2020). Conversely, MLPs, which are a type of neural network, are better at
understanding complex patterns and describing features that are difficult to understand through
layered designs (Agga et al. 2021). Regular comparisons between these two methods in terms of
predicting room temperature can provide important information about the nature of each algorithm
and whether the method is suitable for use in buildings (Olu-Ajayi et al. 2022).

This research is about creating and comparing ways to predict indoor temperatures based on
outside conditions using Random Forest and MLP methods. Unlike earlier studies that only looked
at one method at a time, this project carefully compares ensemble learning (Random Forest) and deep
learning (MLP) specifically for predicting temperatures. The information used comes from publicly
accessible IoT sensor readings found on the Kaggle website, which includes a year’s worth of indoor
and outdoor temperature data collected at uneven times. To improve the data quality and how well
the models work, several steps were taken. These included adjusting the time data, changing the data
to consistent 5-minute intervals, and getting rid of outliers using the IQR method (Zhang et al., 2021).
A big part of this study is using time-based feature engineering to understand how buildings hold
heat. This includes features for looking at short-term past trends, calculating rolling averages over
different time frames to spot trends, and temperature difference features that show the difference
between indoor and outdoor temperatures (Olu-Ajayi et al., 2022). The performance of the models
is checked by looking at both short-term and long-term (24-hour) forecasting to see how useful they
are for managing building energy systems.

2. LITERATURE REVIEW
2.1. Predicting Room Temperature Using Machine Learning

Indoor temperature prediction is crucial for energy management systems in smart buildings,
so that temperature comfort and energy usage can be improved. Supervised learning methods using
Random Forest and Multi-Layer Perceptron algorithms have been proven to predict indoor

temperatures very accurately, especially when combined with appropriate data processing techniques
(Moon et al. 2020).

2.2.  Room Temperature Modeling with Random Forest

Random Forest is an effective ensemble learning algorithm for temporal data modeling due to
its ability to handle non-linear relationships and its robustness to outliers. L. Zhang et al., (2021)
states that Random Forest modeling is highly effective for building load prediction, especially with
feature importance analysis that can identify key variables such as temperature delta and historical
temperature values (Fathi et al. 2020).

2.3.  Room Temperature Modeling with Multi-Layer Perceptron

Multi-Layer Perceptron (MLP) is a neural network architecture that is effective for modeling
complex patterns in temperature data. Cerqueira et al. (2020) shows that MLP is capable of modeling
complex non-linear relationships and can be simulated with various input conditions for predicting
future states, although it requires more extensive hyperparameter tuning (Fathi et al., 2020).

2.4. Machine Learning Model-Based Temperature Change Simulation

Temperature change simulation is an important application of predictive models for projecting
temperature trajectories within a specific time horizon. Wang et al. (2020) explain that simulations
using machine learning models enable proactive control and energy optimization. Li & Chen, (2021)
developed a 24-hour simulation system that generates highly accurate trajectory predictions for
preventive maintenance and comfort optimization.

2.5. Feature Engineering for Temporal Modeling
Feature engineering is a crucial step in converting raw temporal data into a representation that
can be learned by machine learning models. Li & Chen, (2021) used a combination of lag features
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(short-term and long-term), rolling statistics, and temperature delta to improve model accuracy and
simulation quality (Cerqueira et al., 2020).

2.6. Model Validation with Time Series Splits

Temporal model validation requires Time Series Split to avoid data leakage and ensure a
reliable model for simulation. Wang et al., (2020) explain that the expanding window approach
provides more reliable evaluation than random cross-validation. Cerqueira et al., (2020) found that
walk-forward validation produces more accurate error estimates to ensure realistic simulations in
operational settings.

2.7.  Model Performance and Simulation Evaluation

Evaluating temperature prediction models requires multiple metrics such as RMSE, MAE,
MAPE, and R? to measure forecast quality (Fathi et al., 2020). Moon et al., (2020) state that RMSE
< 1°C is considered acceptable for temperature simulation applications. Wang et al., (2020) show
that models with good validation performance produce reliable simulations for decision-making in
building energy management.

3. METHOD
This study uses a machine learning-based modeling and simulation approach to predict and
simulate changes in room temperature.

Dataset Collection

A 4

Pre-processing

h 4

Feature Engineering

MLP & Random Forest
Modeling

Maodel Evaluation

Fy

< Training and Testing

Y

h

Model Evaluation » Tempe _rature_c hange
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Figure 1. Flowchart Of Machine Learning-Based Modeling And Simulation Approach

h

This study follows a systematic process to model and simulate changes in room temperature
using machine learning methods. Figure 1 shows the research process, starting from dataset
collection, pre-processing, feature engineering, to model evaluation and simulation. The research
stages are designed to ensure that each step can be reproduced and validated properly.

3.1. Dataset Collection

The dataset used in this study is “Temperature Readings: loT Devices” obtained from the
Kaggle platform via the link https://www.kaggle.com/datasets/atulanandjha/temperature-readings-
iot-devices. This dataset is a relational data collection containing temperature readings from loT
(Internet of Things) devices installed in enterprise (admin) rooms, both indoors and outdoors.

10T-temp.csv (6.95 MB) &30

Detail Compact  Column 5of 5columns v

About this file & Suggest Edits
Temperature readings of an entreprise building room { admin}, both iniside and outside. This was recorded at random intervals
The recording speed was per second.

e id = = B noted_date = #temp =

date and time of reading  temperature readings

e whi v ing
aken fr
(insige analer outside) installed inside o
of room
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2018-01-11  2018-12-11 21 51

Figure 2. Dataset Temperature Readings : IOT Devices
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This dataset consists of 97,606 rows of data with a size of 6.95 MB in CSV format and contains
five main attributes, namely id, room _id (all data comes from one room), noted date, temp, and
sensor location category (In/Out). The data was collected automatically at random intervals per
second for almost a year, from January 11 to December 11, 2018. A total of 79% of the readings
came from outdoor sensors and 21% from indoor sensors, with a temperature range of 21°C to 51°C.
This dataset was selected because it is suitable for time series analysis and temperature prediction
modeling in IoT systems, has good data quality, received a usability score of 10.00 on Kaggle, and
is licensed under the GNU LGPL, making it ideal for academic research and evaluation of
temperature prediction model performance.

3.2. Pre-processing

Data processing is a very important step to ensure that the data is of high quality and ready to
use before creating a model. The first step is to convert the date-time column (noted date) to the
correct format using the pd.to datetime() function with the settings dayfirst=True and
errors=‘coerce’ so that it can handle incorrect values. Then, the data is sorted by time, and the
noted date column is used as the index for the time data.

Next, the data is divided based on sensor location into two parts, namely temperature readings
from indoor sensors (temp_in) and outdoor sensors (temp_out). These two parts are combined using
the merge asof method with a time tolerance of 2 minutes in order to match the time differences
between indoor and outdoor readings.

Since the data was recorded at random times, it was then converted into fixed 5-minute
intervals using the resample() function to produce consistent time data. Values lost due to the
resampling process are addressed by time-based interpolation. To address outliers, the Interquartile
Range (IQR) method is used, whereby data outside the limits of Q1 — 1.5 X IQR and Q3 +
1.5 X IQR are removed from the dataset. At the end of the process, the temperature values are
converted to integers after taking their absolute values to facilitate data representation.

3.3.  Exploratory Data Analysis (EDA)

After the pre-processing stage was completed, descriptive statistical analysis was performed
to understand the characteristics and distribution of the data. Figure 3 shows a statistical summary of
the final dataset consisting of 38,334 observations with two main variables, namely temp_in (indoor
temperature) and temp_out (outdoor temperature).

Ringkasan statistik singkat:

temp_in temp_out

count 38334.000000 38334.000000
mean 30.285308 37.784552
std 2.465152 6.205583
min 21.000000 25.000000
25% 29.000000 31.000000
50% 31.000000 39.000000
75% 32.000000 43.000000

max 40.000000 50.000000

Figure 3. Descriptive Statistics Dataset

Figure 4 shows the temperature difference between sensors inside and outside the building
during the observation period. The outside temperature (orange line) is always higher and fluctuates
more than the inside temperature (blue line). The large difference in outside temperature indicates
that weather and sunlight have a direct impact, while the temperature inside the building appears
more consistent due to temperature control or good insulation.
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Figure 4. Indoor and Outdoor Temperature Difference Chart

3.4. Feature Engineering

Feature engineering is the process of creating new features from existing data to help models
better understand the temporal patterns and characteristics of time series data. In this study, there are
three ways to create features. First, lag features are used to capture temporal patterns by shifting
temperature values from the previous time step (lag-1 and lag-5 for temp_in and temp_out). Second,
rolling mean features with windows of 5, 15, and 60 time steps to smooth out data changes and find
more consistent temperature trends. Third, delta temperature (delta temp) features that show the
temperature difference between indoors and outdoors as an indication of the temperature difference
and how well thermal insulation is working.

3.5. Data Split and Modeling
The dataset is divided with a ratio of 80:20 into training data (30,620 rows) and testing data
(7,655 rows) using sequential split to maintain the time series characteristics. The independent

variable x € R™* consists of feature engineering results, while the dependent variable y is temp_in
as the prediction target.

Random Forest is an ensemble algorithm that combines predictions from multiple decision
trees. The model is configured with 200 trees (n_estimators=200) and a maximum depth of 20
(max_depth=20). The final prediction is calculated with:

B
1
§=2> T ()

where B = 200 is the number of trees and T}, (x) is the prediction from the b tree. Each tree is
trained on a different bootstrap sample and split selection uses the Mean Squared Error (MSE)
criterion to minimize prediction error.

MLP uses an architecture with two hidden layers, each with 64 neurons and a ReLU activation
function. The ReLU activation function is defined as:

RelLU(z) = max (0, 2) 2)

Forward propagation in hidden layers:

alll = ReLU(WHqli-11 4 pli] (3)

with the output layer for regression:

y = wlql2l 4 pl3] 4)
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The model is optimized using the Adam optimizer with the MSE loss function. Before training,
the data is standardized using StandardScaler:

xX—U
Xscaled = o (5)

where u and o are calculated from the training data to ensure that all features have mean=0
and variance=1, which speeds up convergence and improves training stability.

3.6. Model Evaluation

Model performance evaluation is carried out using three main measures, namely Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of Determination (R?).
MAE measures the average absolute error between the actual value and the predicted value, so it
shows how far the model's predictions deviate without considering the direction of the error. RMSE
calculates the root of the average square difference between the actual value and the prediction, which
penalizes large errors more heavily, making it suitable for assessing model reliability. Meanwhile,
R? is used to determine how much variation in the data can be explained by the model; an R? value
close to 1 indicates that there is a good match between the predicted value and the actual value.

3.7. Temperature Change Simulation

Simulations for indoor temperature changes over the next 24 hours were conducted using the
sliding window method. In this method, the last three temperature values are used as input to generate
continuous predictions for up to 288 time steps. Each time a new prediction is made, the result is fed
back into the input window to predict the next step. The simulation results are then displayed
alongside temperature data from the last 24 hours, making it easier to compare actual patterns with
predictions from the Random Forest and MLP models, as well as to see how temperatures will change
in the future.

4. RESULTS AND DISCUSSION
4.1. Pre-processing Results

The initial dataset consists of 97,606 temperature readings from loT devices with a fairly long
observation period. After initial examination, no missing values were found in the dataset, but there
were several anomalies in the temp column that needed to be addressed. Table 1 shows a comparison
of the dataset before and after pre-processing:

Table 1. Model Performance Metrics for Temperature Prediction

Stage Number of Rows Number of columns
Initial Dataset 97.606 5
After Merge In/Out 48.803 2
After 5 minutes of resampling 38.334 2

The preprocessing process worked well to cut down the dataset from 97,606 entries to 38,334
entries, which is a decrease of 60.7%. One important step was merging indoor and outdoor readings
within a 2-minute time frame, which cut the data in half. Then, by sampling the data in 5-minute
periods, we were able to make the dataset smaller while still keeping it at a regular time spacing that
is important for time series analysis.

4.2. Feature Engineering Results

Correlation analysis was performed to identify the relationship between the feature
engineering results and the target variable (temp_in). Figure 5 shows a sample of feature engineering
data that has been applied to a dataset with a size of (38275, 15), while Figure 6 presents a heatmap
of the correlation between temperature variables.
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Figure 6. Heatmap of Correlation Between Temperature Variables

Based on Figure 6, the correlation heatmap shows that temp_in has a perfect correlation with
itself, while the relationship between temp in and temp out shows a very low correlation, around
0.3, which is visualized in dark purple. This indicates that changes in outdoor temperature are not
linearly related to indoor temperature. This finding is supported by the data in Figure 1, where
temp in and all its derivative features (temp_in lagl, temp in roll5, temp in_rolll5,
temp_in_roll60) are consistently at a value of 31.0, and the delta_temp is very small, between 0 and
0.016667.

4.3. Model Evaluation Results

=== Evaluasi Random Forest ===
MAE : B.146361935987168002

RMSE : ©8.2846558588579633
R* : B.9859188185575688
MAPE : 8.5757228058364375 %

Figure 7. Random Forest Model Evaluation

=== Evaluasi Model MLP ===
MAE : ©.478373846553568317

RMSE : ©.7318255827987836
R* : ©.9871318947788413
MAPE : 1.8871530543848074 X

Figure 8. MLP Model Evaluation

Table 2 shows the results of evaluating both models on the testing data using the MAE, RMSE,
R2, and MAPE metrics.

Table 2. Model Evaluation Results on Testing Data

Model MAE RMSE R? Score MAPE (%)
Random Forest 0.146 0.285 0.986 0.577
MLP 0.470 0.731 0.907 1.887
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Random Forest showed superior performance on all evaluation metrics. This model achieved
an MAE of 0.146 and an RMSE of 0.285, which were significantly lower than those of MLP with an
MAE of 0.470 and an RMSE of 0.731. The coefficient of determination for Random Forest reached
0.986, indicating the model's ability to explain 98.6% of the data variation, while MLP reached 0.907.
The MAPE value of Random Forest was 0.577%, indicating a much lower relative error than MLP
(1.887%).

The evaluation results show that Random Forest has better tracking capability for actual data
fluctuations. This model is capable of predicting extreme values with high accuracy and is responsive
to sudden changes. In contrast, MLP produces smoother predictions with a tendency to underpredict
peak values.

4.4. Results of 24-Hour Temperature Change Simulation

To test short-term prediction capabilities, a simulation of temperature changes for the next 24
hours was conducted (288 time steps with 5S-minute intervals). Table 3 shows the results of the multi-
step simulation evaluation of both models.

Table 3. 24-Hour Simulation Evaluation Metrics

Model MAE RMSE R2? Score
Random Forest 0.057 0.172 0.993
MLP 0.068 0.182 0.992

The simulation results show that both models perform excellently for short-term predictions
with R? > 0.99. Random Forest achieves an MAE of 0.057°C, indicating very high prediction
accuracy with an average error of less than 0.068°C. The performance gap between Random Forest
and MLP narrowed in multi-step simulations, where the difference in MAE was only 0.011 and
RMSE was only 0.010. This shows that for short-term prediction applications, both models are
reliable, although Random Forest remains marginally superior.

Figure 9 shows a visualization of the 24-hour forecast compared to the last 24 hours of
historical data.

Simulasi Perubahan Suhu Ruangan (RF vs MLP)

—— Historis (24 jam)
Simulasi RF (24 jam ke depan)
—— Simulasi MLP (24 jam ke depan)

32
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Figure 9. 24-Hour Room Temperature Change Simulation (RF vs. MLP)

Both models successfully captured the diurnal pattern of room temperature. Random Forest
produced more dynamic fluctuations similar to historical patterns (range 29.5-35°C), while MLP
produced smoother and more conservative predictions (range 32.5-35°C). Random Forest
demonstrated superior peak detection capabilities with consistent timing from 12:00 to 14:00,
matching historical data, while MLP predicted flatter peaks. Both models showed good stability
without significant error accumulation in multi-step iterations.
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5. CONCLUSION

This research successfully created and compared different machine learning models to
understand how indoor temperatures change and to simulate what will happen over the next 24 hours.
The Random Forest model performed the best in all areas, with a mean absolute error (MAE) of
0.146°C, a root mean square error (RMSE) of 0.285°C, an R? value of 0.986, and a mean absolute
percentage error (MAPE) of 0.577%. It did much better than the MLP model, which had an MAE of
0.470°C, an RMSE of 0.731°C, an R? of 0.907, and a MAPE of 1.887%. The 24-hour prediction
confirmed that Random Forest can effectively forecast temperatures step by step (MAE: 0.057°C,
R2: 0.993) without building up errors.

The way Random Forest is designed allows it to manage complex relationships and
interactions between different factors, making it a great choice for modeling temperature changes.
Its ability to detect peaks in temperature and track changes accurately means that heating, ventilation,
and air conditioning (HVAC) systems can be controlled more efficiently, potentially saving 15-25%
in energy costs. Finding the right features to include, such as changes over time and averages, was
essential for recognizing patterns and how temperature reacts over time.

This research shows evidence to help choose the right algorithms for smart buildings and
creates a clear method for comparing different models in predicting time series data. The detailed
approach of looking at both single and multi-step simulations gives a better understanding of how
models perform in various situations.

However, this study has some limitations, like using data only from one building, which makes
it hard to apply the findings everywhere. It also only focused on temperature without looking at other
environmental factors, and it did not validate how well the models work in real-time. Future studies
could look into: (1) different types of buildings in various climates; (2) other environmental
measurements like humidity and how many people are inside; (3) mixing Random Forest with deep
learning techniques; (4) testing real-time use with HVAC systems that adjust automatically; (5)
learning methods that adapt over time for better consistency; and (6) using transfer learning for quick
setup in new buildings.
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