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paper uses a synchronized data collection approach to collect data from
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Synchronization, data collection, Several machine learning models are employed with this coordinated
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occupant activity explored. By analyzing the results of the models generated by the two

algorithms, the best ways of reaching behaviour-sensitive power
consumption prediction are determined. Therefore, the findings
establish that the additional data concerning occupant activity provides
more accurate assessments of energy usage that can be quite beneficial
for enhancing the further development of better adaptive and more
efficient building management systems. This work also helps to fill the
existing gap in energy prediction literature wherein, unlike other fields,
the human factor is considered in machine learning models that can
lead to more accurate and less distortion-prone energy forecasting.

1. Introduction

According to reports, about 30 to 40 percent of the world's energy consumption is within the building sector,
while more than 80 percent of the used energy in a building happens in a building's entire lifespan, that is, the
operational phase, which is inclusive of heating, cooling, ventilation, and lighting [1]. It, therefore, becomes very
important to have predictions regarding a building's use of energy to make energy-efficient decisions. Use of data
analytics: Lately, data analytics has made huge strides in development, such that new and advanced machine
learning models are in place to be developed and deployed in the field of energy prediction [2]. As much as data
analytics is improved, machine learning models have evolved to handle big data sets that capture several factors
that could affect energy use—for example, environmental conditions, weather patterns, and equipment
performances [3].

An artificial intelligence system employs machine learning, which is a guideline or procedure that enables the
system to locate beneficial patterns and solutions within a predetermined amount of data, or it can be employed
to predict output values depending on a certain amount of input values [4]. Machine learning, in turn, needs
algorithms tolearn [5]. One needs a set of data and then investigate the relationship between them, define patterns
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and use algorithms, which allow one to take a sum of input data and, according to definite patterns, produce
definite outputs [5], [6].

Sensors are fundamental components of the IoT, as they allow information to be gathered from several
physical spaces [6]. Keeping data consistent in time is important for accuracy when building machine learning
models. Therefore, if data responses are asynchronous, then the simulations are inaccurate, predictions wrong,
and decisions unhelpful to the model, hence making a model ineffective. Such high accuracy is essential in real-
time applications and processes, including monitoring and controlling industrial processes, managing resources,
providing smart solutions in the environment, and ensuring the security and efficiency of crucial infrastructure.

Nevertheless, for high-trust and authentic Machine Learning models to be developed, synchronized data is
required to be collected properly and accurately from different sensors. Using traditional methods of data
acquisition, the issue of time synchronization in the distributed nodes of the sensor complicates the problem and
creates a time asynchrony in the data. This has developed first as a distinct mode for increasing models of energy
forecasting, such as the use of synchronized data collection systems. The use of a synchronized data collection
system provides the mixed model with an opportunity to gather a broader spectrum of the drivers to energy use
comprising ambient data, including temperature, humidity, and airflow, as well as data concerning occupants in
terms of presence, activity, and behaviour. Such synchronizing of data makes it easy to correlate occupant
behaviour with energy use in all its variables to arrive at better and more responsive predictions. If incorporated
into the ML models, these behavioural factors could give scaly accuracy in predicting consumption and energy
efficiency that building operators and energy managers can use to give users meaningful insights for cutting down
consumption and enhancing efficiency [7].

All the developed models following this methodology of prediction do not develop models that consider
occupants' behaviour [8]. Occupants, through their very many and varying actions and preferences, critically
contribute to the real necessity of having a building. Not addressed to the best possible degree, the behaviour of
occupants may lead to erroneous predictions and improper energy management.

In addition to the problems of highly synchronized data acquisition, there is the question of how to quantify
the occupants' behaviour, which is random and, therefore, difficult to predict. Individuals' actions, decisions and
use of spaces are unique to a particular individual or a group of people. As a result, there is a need to obtain the
right and sufficient information on how the building occupants influence and manage the building systems such
as the heating, ventilation and air conditioning (HVAC) and lighting systems. Modern artificial intelligence systems
are now being used to address this issue and gradually integrate variability into the learning models. When used
in conjunction with real-time data collection systems that are in phase with the control systems, the control
systems become more dynamic, and energy use can be regulated according to the environment and the people
occupying the building. These improved models, which assist in the management of the interconnectivity of the
building systems and the human activities, also enable the efficient use of resources and correct use of energy.

In this research, data is obtained from the different sensors implanted in the building, as well as the
questionnaires completed by the occupants, which are used in training and testing different machine learning
systems. The models used are Support Vector Regression (SVR), k-Nearest Neighbors (KNN), Extreme Gradient
Boosting (XGB), Random Forest (RF), and LIGHTGBM Regressor. As a conclusion of the models' performance, R?,
MAE, and MAPE indices are used, which reflect the accuracy and the degree of proximity of the models. This
multiple-criteria approach provides a better way of analyzing the performance of each of the models and their
abilities to make predictions.

2. Literature Review

The increasing concern for energy conservation across the world has led to increased research on energy use in
buildings with special attention to modelling. Most of the research work in this field was done in an earlier period
of time and focused mainly on the conventional engineering methods of estimating the energy demand with the
help of statistical models, which are mainly historical. Nevertheless, in the present time, the focus of the research
has been changed towards dynamic machine learning models that can handle real-time data getting collected
through the IoT sensors. Studies reveal that occupant behaviour is an important factor in energy use but is often
neglected by most prediction models, thus giving imprecise estimates. Moreover, the increasing application of
synchronized data collection systems has appeared as the main solution to improving these models, as it can
provide better chances to obtain environmental and occupant-related factors. This review focuses on the
development of machine learning methods applied to building energy prediction and on the importance of time-
synchronized data acquisition and the integration of occupant behaviour into these models.

Data collection is an essential factor that is used in simulating and conducting research on occupant behaviour.
Scholars have come up with several models based on data and data gathering techniques that are different from
one another. Such methods include direct collection of occupancy data using sensors such as motion [9], [10], [11],
cameras [12][13], and questionnaires such as the Time-Use Survey [14]. There are no real-time clocks accessible
in affordable sensors. As a result, it is not possible to synchronize the continuous streams of data directly using
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them. Shih et al. [15] provided a special data alignment method for the 10T and CPS in order to address this. By
putting in place a Network Gateway of Multiple Protocols' Transport Network, this objective was accomplished.
In their design, Hadjidemetriou et al.

L. Hadjidemetriou et al. [16] suggested a design for smart buildings that imitates comfort, air quality, as well
as electricity consumption of occupants in their paper.

Another challenge tackled by Craciunas et al. [17] is that, due to the loss of synchronization frequently
incurred, there is a temporal misalignment which disturbs the determinism of transmission in Time-Sensitive
Networks (TSN). Sakaguchi et al. [18] proposed a detailed hardware implementation plan for the IEEE 802.1AS-
2020 precision time protocol to enhance the time synchronization accuracy of Industrial IoT devices with very
high time synchronization accuracy. The proposed hardware approach is observed to have a time synchronization
accuracy of the order of 50 ns, while the variation should not be more than 20 ns; this standard is admissible for
industrial use according to IEC 61850-9-5.

Farhadi et al. [3] described how, in general, machine learning methods contribute to the accelerated discovery
and optimization of advanced energy materials, such as perovskite, for solar cells, batteries, or phase change
materials in the study. The problems addressed are material property prediction, device structure design and
enhancement, which is related to this work in the use of machine learning for accurate predictions in big data sets
in energy applications. This goes on to depict the role of data in propelling innovations within energy systems as
they transition to more complex systems.

Nabavi et al. [19] compared the energy use in Iran’s residential and commercial buildings sector through
macro-economic and technological indicators such as population, GDP, natural gas and electricity prices, and
share of renewable energy. These include the following: multi-variable linear regression (MLR), logarithmic multi-
variable linear regression (LMLR) and the nonlinear autoregressive with exogenous input artificial neural
networks (NARX) to predict energy consumption to 2040. The NARX model proved to be the most accurate in
predicting Iranian energy consumption at 76.97 Mtoe by 2040.

The research work of Bouyakhsaine et al. [20] applied machine learning models for the prediction of
residential building occupancy using sensor and survey data, including occupant activities, energy, water
consumption, and environmental factors. Random Forest turned out to be the most accurate technique, with
95.96% accuracy in binary prediction, while Bayesian Networks resulted in an accuracy of 73% in active and sleep
zone differentiation. Other models, such as XGBoost and Regularized Greedy Forest, gave accuracy ranging from
70% to 74%.

Vafeiadis et al. [21] aimed to explore occupancy detection in residential homes using machine learning
algorithms on energy and water consumption from smart meters. The input features include power consumption
from the various household appliances, water usage and occupancy, which is measured through an infrared door
counter. The accuracy of each model was as follows: Random Forest had the highest accuracy of 80.53% and an
F-measure of 83.37%, which is better than Decision Trees and Support Vector Machines.

In the paper, Li et al. [9] presented a new approach for occupancy prediction based on the inhomogeneous
Markov chain model with comparison to Probability Sampling, Artificial Neural Networks (ANN), and Support
Vector Regression (SVR). Input features include occupancy presence data from sensors in residential buildings,
either in five-minute or ten-minute bins. The proposed Markov model is used for short term forecasts, and the
results show an improvement of 5% in accuracy compared to the other models for the forecast time of 15 minutes
ahead, while the ANN and SVR models are more accurate for the long-term forecast of 24 hours ahead.

This work complements the growing literature on the prediction-based model in energy with a comparative
analysis that accounts for the human factor, thereby offering a clear path that can lead to robust and reliable
prediction. The dataset used in this study was collected independently as part of our research, ensuring originality
and relevance to the study objectives. No existing research utilizes this particular dataset so similar analysis
cannot be directly evaluated.

3. Methodology

Data collection, data preprocessing, modelling, cross-validation, and model performance will be discussed in this
section. The methodology in this study shows an innovative approach to linking occupant behaviors with energy
use patterns but delivers significant results for the research domain. The flowchart in Fig. 1 below demonstrates
the overall framework of this study. The flowchart outlines the operational cycle of an IoT-based embedded
system used for the formulation and validation of a predictive model. Beginning with the stage of loT-based
Embedded System Design, construction and implementation are subsequent procedures in the process. Data is
then collected from three main sources: environmental data, occupant data, and power consumption data. The
subsequent step as soon as the data is collected is Data Analysis, and the sub-steps included are Data
Preprocessing, Model Selection, Model Building and Model Validation. What is more, the structure described here
exhibits logical progression from system construction to data acquisition and from modelling to validation.
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Fig. 1 Framework of this study

3.1 Data Collection

Fig. 2 outlines the flowchart of a clear method on how to regulate the flow of data in the IoT sensor networks
towards enhancing consumption modelling of occupants’ activities with regard to power consumption. The first
stage of this methodology is to configure the GPIO pins and connect them to the MQTT broker to guarantee good
communication of the sensors. These sensors are set up to record environmental data within a specific area or
facility on demand over time. After the initialization, the system subscribes to topics that can be associated with
environmental information or power consumption. Upon receiving the sequence number for each set of sensors,
the system analyzes the data and makes a decision on what should follow next. If the system does not detect any
sequence number, it loops back to the start to ensure continuous data collection without interruption. In the event
a sequence number is received, a callback function is triggered, which processes the data by assigning it to the
appropriate node number along with the sensor’s data and the sequence number. The processed data is then
republished by the MQTT broker, thus letting off the current cycle of data transfer. It also starts a new cycle by
sending a new sequence number to the sensors at the beginning of transmission. This makes it possible for the
system to flow in parallel with the correct arrangements, keeping the environment under check in a continuous
manner.
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Fig. 2 Synchronization system flowchart
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This systematic approach makes it possible to achieve real-time integration of an IoT-based data acquisition
system with a machine learning-based data analysis system in order to monitor and optimize the power
consumption in relation to the activities of the occupants. The structure proposed in this paper, represented in
Fig. 3, is to fulfil the synchronization of data and to minimize the time synchronization as much as possible. The
MQTT server can, at the same time, send the same sequence number to different sensor nodes. Only when the
sensor nodes receive the sequence number, these nodes forward their sensory data to the fixed MQTT topic. It is
a mechanism that ensures that all data that is received is accurate. Data from the MQTT server is directly written
into a CSV file for more data processing as needed.
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Fig. 4 Overall experimental setup
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The schematic exhibit illustrated in Fig. 4 depicts the experimental setup proposing the gathering of
temperature, humidity, airflow and power consumption data from the Digital Home Lab, which is situated in the
Faculty of Engineering, a five-story building at Multimedia University, Cyberjaya, Malaysia. The experimental
location was divided into six equal-sized grids where all the hardware setups were implemented. For real-time
data synchronization, the synchronization algorithm was uploaded onto the six ESP8266 WeMos D1 Mini and one
ESP32S microcontroller through the Arduino IDE software. The lab's temperature and humidity were measured
using six DHT22 sensors connected to the WeMos D1 Mini boards. Another sensor, GM8904, was used in the
UART connection to the ESP32S for wind speed measurement. To create a data pipeline, the Wi-Fi-connected
boards that were interlinked to a private/secure MQTT broker through the publish/subscribe model, which
facilitated the transmission of sequential data, were used. The Tuya-powered smart meter, illustrated in Fig. 4,
will collect energy consumption data from air conditioners (AC). This valuable data will be seamlessly transmitted
to the MQTT cloud, enabling real-time monitoring and storage of data for insightful analysis.

3.1.1 Occupant

To gather data from the occupants, questionnaires were administered. Tables 1 and 2 below present selected
sample inquiries about their thermal experiences during the four assigned activities based on ASHRAE (2013).
The air conditioning settings were adjusted according to their activities and thermal comfort preferences to
enhance their comfort during the tasks, while power consumption was simultaneously recorded.

Table 1 Occupant questionnaire on their thermal sensation

Question Scale Thermal Sensation Vote
0 Cool
HOW.WOUId you 1 Slightly Cool
describe thermal
. . 2 Neutral
comfort in this .
. 3 Slightly Warm
environment?
4 Warm

Table 2 Occupant questionnaire on activity

Question Activity AES‘::Y
Seat and relax 1
. . . Seat and working 2
What is your ﬁg’svxglty Level right Stand and relax 3
' Light Activity while 4
Standing

The sample consisted of 268 data points, including environmental, energy, and occupant measurements
collected from three occupants. Fig. 5 is a pie chart presenting the distribution of the "Feeling Scale," which reflects
the thermal comfort that occupants of the building felt during their activities. All the occupants were academician
students. The largest portion of responses belongs to "Neutral" at 54.3%, meaning that more than half of the
occupants did not feel either too warm or too cold. This is followed by 16.7% of occupants who felt "Slightly warm"
and 14.1% who described the temperature as "Slightly cool." A total of 11.5% of occupants identified the building's
temperature as "Warm," while fewer than 3.3% experienced "Cool" sensations.
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Distribution of Feeling Scale

Warm

Slightly cool

Slightly warm

Meutral

Fig. 5 Data distribution of occupants’ feeling scales

3.2 Data Preparation

Once data collection is synchronized, the methodology further incorporates machine learning algorithms to
analyze the relationship between occupant activity and power consumption. The gathered data is fed into machine
learning models that identify patterns and trends, enabling the system to predict energy usage based on specific
occupant behaviour. The feedback from these models helps optimize energy management strategies, contributing
to more efficient power consumption in smart buildings.

Fig. 6 illustrates the Machine Learning pipeline, demonstrating the essential stages from data collection to
model evaluation and final model selection. The pipeline begins with the collected dataset, which serves as the
primary input for the machine learning process. These datasets often come from various sources and may contain
raw or unstructured data.

® oo

()

— N [ 0 —
w O
- Data Model Training .
Data Input Data Cleaning Pre-processing 8 Validation Final Model

Fig. 6 Machine learning pipeline
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3.2.1 Data Input

The data input for the model is environmental measurement and sensor data, which include Air flow from the Air
flow sensor (m/s), Temperatures from the following sensors Sensorl_Temp (C) to Sensor6_Temp (C) and the
humidity of those sensors are Sensorl_Humidity (%) to Sensor6_Humidity. Other input features are the Feeling
Scale, Activity Level, and State of Heater Grid, which also includes feedback from human participants and
organizational factors. The dependent variable (output) is the air conditioning power consumption expressed in
terms of AC Power (kW). This vast set of data will allow the model to predict the consumption of energy depending
on the environmental and behavioural factors.

3.2.2 Data Cleaning

The first critical stage in the pipeline is Data Cleaning. This phase involves refining the dataset to ensure that it is
accurate, complete, and suitable for analysis [22]. Data cleaning techniques include removing duplicate records,
handling missing or incomplete data, correcting data type mismatches, and addressing inconsistencies. This stage
is crucial as it lays the foundation for a reliable dataset that can be effectively utilized in later stages.

3.2.3 Data Pre-processing

Preprocessing differs from data cleaning although it is also a process of data transformation, it is of a higher level
and aims at preparing the data for modelling. Some of the techniques that may be employed during this step
include scaling of features, converting categorical variable couple to numerical form, normalization of the data
distribution, handling of outliers and feature construction from the existing features [23]. These steps operate to
qualify and quantify the data to the greatest extent possible and to align them to the needs of the machine learning
algorithms to be employed.

3.2.4 Model Selection

The subsequent step to data preprocessing is termed as model selection. In this experiment, five different types
of regression models were used. Model selection assists in comparing the number of algorithms to determine
which of them is suitable for the tasks that are intended and with regard to the features of the data set and the
problem under consideration. These models could be simple regression models, such as linear regression, or more
complex models, such as decision trees, random forests or support vector machines, depending on the nature of
the problem or the character of the data to be used.

3.2.5 Model Training & Validation

After the models are chosen, the next process is Training and Validation. In this stage, the data set is divided
between the training data set and the cross-validation data set, where the model is trained on the data set and
tested on the unknown data set. Here, cross-validation methods are used to deal with the problem of
memorization rather than generalization of the model to unseen data. Hyperparameters may also be tuned at this
stage so as to fine tune the model for better performance. After training and validation, the models thereafter go
through evaluation. This includes evaluating each of the models on the size of errors such as mean square error,
the coefficient of determination (R?), or any other evaluation indicators [24]. Thus, by comparing the results of
the different regression models, one can understand the strengths and drawbacks of each when it comes to the
specific problem and dataset at hand and which of the models should be used.

3.2.6 Final Model

In the end, the model with the highest performance will be selected as the Final Model. This final will be used for
making prediction on new data summarizing insights or for solving other problem based on the learning that has
taken place in this pipeline. By doing so, the data is then moved from a state that is often referred to as ‘raw’ or
‘unstructured,’ and becomes meaningful insights empowered by a machine learning model that has been vetted
and fine-tuned.

3.3 Machine Learning Models

Some of the approaches of machine learning for the air conditioning power consumption prediction using the
recorded sensor, environmental data, and AC power consumption are described in this section. In order to
compare the ability of each introduced model to model the relationships between the inputs and the output all of
them are trained and validated.
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3.3.1 Random Forest Regressor (RF)

An ensemble learning model is the Random Forest Regressor, which builds many decision trees during training
and then averages their predictions to enhance accuracy and reduce overfitting [25]. It works well on both linear
and nonlinear data; hence, it will always be a versatile model for regression tasks. It tends to provide robust
predictions with lower variance compared to individual decision trees by leveraging the "wisdom of crowds"
coming from many trees [26]. In contrast, random forest is immune to outliers and missing data; it can handle
them on its own and becomes one of the most trustworthy and used regression models on complex datasets [27].

3.3.2 XGBoost Regressor

It is mainly a gradient boosting algorithm in which, at a time, ensembles of decision trees are built and each tree
corrects previous errors [28]. Known for its speed and high predictive accuracy, XGBoost uses advanced
regularization techniques to prevent overfitting. Hence, it becomes equally efficient with large and complex
datasets. The model is very famous for flexibility in bias-variance control, handling missing values, and
computation optimization. For these reasons, this model has become one of the most preferred models used in
competitive machine learning tasks and regression problems [29].

3.3.3 Support Vector Regressor (SVR)

The Support Vector Regressor is a machine learning model based on support vectors in regard to forecasting
continuous outcomes by finding the best line within a margin of tolerance [30]. SVR would fit best with data with
a non-linear relationship as it can use different functions to map higher dimensions, hence allowing linear
separation functions. On one hand, even though SVR has the capability of providing accurate predictions, it is
sensitive to outliers, and sometimes its performance can be affected by the choice of hyperparameters, making it
less reliable when compared to other models such as Random Forest or XGBoost, especially in scenarios with
extreme values or large datasets [31].

3.3.4 K-Nearest Neighbors (KNN)

Another simple, non-parametric model is the K-Nearest Neighbors regressor, which does its prediction by
averaging the values of the K closest data points—referred to as neighbors—in the feature space [32]. Itis easy to
understand and easy to implement, hence useful in the case of smaller datasets in which the relationships among
points may be local. However, KNN can be sensitive to the choice of K, and its performance may degrade with high-
dimensional data or large datasets due to increased computational cost [33]. That is, if the data are very well
trended and less noisy, KNN can give reliable predictions [34].

3.3.5 Light Gradient Boosting Machine (LIGHTGBM)

The LIGHTGBM regressor is an XGBoost-like, highly efficient and scalable implementation of gradient boosting
designed for speed and performance [35]. The approach for the construction of a decision tree in this is sequential,
making every attempt at accuracy without turning to overfitting, with advanced techniques like leaf-wise splitting
and handling categorical features natively. LIGHTGBM is particularly suited for large datasets and realizes fast
training time compared to other boosting methods, like XGBoost, with high predictive accuracy [36]. It can handle
complex data and hyperparameter tuning very effectively; thus, LIGHTGBM has become very popular for
regression tasks in machine learning competitions and in practical applications [37].

3.4 Evaluation Parameters

The full dataset was randomly divided into training and test sets. The majority, 80%, was allocated for training
and validation, while the remaining 20% was set aside for testing. During the training phase, the models were
evaluated using cross-validation, where 20% of the training data was withheld for validation purposes. To
measure the prediction error rates and evaluate the model's performance in Regression Analysis, several
statistical indicators, including R Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) were
utilized.

3.4.1 Coefficient of Determination (R? or R-squared)

R-squared is the coefficient of determination that indicates how well those values fit in relation to the original
chosen values [38]. It varies between 0 and 1 and it is expressed in percentage. The higher the score of the index
it is, the better the model.
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3.4.2 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) is basically the difference between the original and the predicted value extracted by
taking the average of the absolute difference over the data set [39].

3.4.3 Mean Absolute Percentage Error (MAPE)

One of these metrics is the Mean Absolute Percentage Error which is, on average, the percentage of difference
between the forecasted and actual values [40]. This is reckoned by just taking the arithmetic mean of the absolute
percentage errors across the dataset, which is logical as it quantifies prediction error in terms of percentage.

3.5 Equations

In this study, the performance of the machine learning models for predicting air conditioning power consumption
is evaluated using three statistical metrics: Such measures are Rz, MAE, and MAPE. These are given by equations
(1)- (3) and are normally used to ascertain the efficiency of the models by comparing the computed values with
the observed ones.

A2
2 Z?:l(yi - yl) 1
R°=1- ﬁ (1)
i=1 yi y)
1 n
MAE =2 |y~ 3 2)
i=1
100% N i — P
MAPE = Z (3)
n Vi

where y, is the actual observed value, 371' is the predicted value, y is the mean of the actual observed values,
and n is the total number of data points.

4. Results and Discussion

Synchronizing the datasets is very important, especially with regard to enhancing the level of accuracy in energy
control and the efficiency of the predictions. It creates a dataset with equal time steps every hour, which is very
useful for researchers who require accurate data to calibrate and predict the demand as well as consumption of
energy. This type of parallelism makes the data properly standardized for general use and gives a stable ground
on which the subsequent enhancements of the existing, more complex prediction algorithms can be made. These
algorithms are rather useful for system supervising with a view to ‘saving’ energy in smart structures and
complexes, which consume a large amount of energy in order to work.
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Table 3 Sensor, occupant and energy data from MQTT stored in CSV file

Sensor

Sensor

Date Sequence Airflow o Occupant  Occupant Power

i Number  (m/s) Temperature  Humidity Activity Feeling kW

Tlme [oc) [%) [ )
Seat and

11:45:46 0 3.22 28.60 73.80 Normal  0.0857
relax

11:46:46 1 3.22 28.60 73.70 Seatand  Slightly  jac,
relax Cool

11:47:46 2 3.32 28.60 73.90 Seatand ol 1.004
working

11:48:46 3 3.12 28.50 73.90 Seatand o1 1.004
working

11:49:46 4 3.32 28.50 74.20 Seatand  Slightly —, joq
working Warm

11:50:46 5 3.12 28.50 7430 ~ >eatand - Slightly ) oo
working Warm

11:51:46 6 3.22 28.40 74.30 Seatand  Slightly ;o4
working Warm

11:52:46 7 3.12 28.50 7430 ~ Swndand o1 1101
relax

11:53:46 8 3.32 28.50 7400 ~ Swndand ool 1114
relax

11:54:46 9 3.32 28.50 7390  Swandand  Slighty ./
relax Warm

11:55:46 10 3.12 28.50 7400 ~ Standand - Slighty .,
relax Warm

11:56:46 11 3.12 28.50 7410 ~ Swndand - Slightly 50
relax Warm

11:57:46 12 3.12 28.50 7420 ~ Standand - Slighty o,
working Warm

11:58:46 13 3.22 28.50 7430 ~ Standand - Slightly 5,
working Warm
Stand and

11:59:46 14 3.12 28.60 7410 . Warm 1.339
working
Stand and

11:45:46 15 3.22 28.60 73.80 . Warm 1.346
working

This correlation matrix in the Fig. 7 present various Pearson correlation coefficients that ranges from -1 to 1.
Positive Correlation is depicted by a value of 1 in that both variables go up simultaneously while -1 depicts a
perfect negative correlation in that when one variable goes up the other goes down. When the value is 0, it means
that there is no linear relationship between the two variables. The diagonal values are all of 1, which implies that
each variable is perfectly correlated with itself.

The correlation matrix reveals that Activity Level strongly drives AC Power (kW), where the correlation is
0.76, indicating a high consumption of AC power with respect to activity level. Therefore, logically, activity levels
highly influence the demand for cooling, probably due to heat generation from the movement. Other factors, such
as temperature and humidity readings from various sensors, tend to relate to power consumption, although to a
lesser degree. Overall, it is the Activity Level that turns out to be a major determinant of the power consumption
on AC, thus indicating its role in the estimation or control of power usage.
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Pearson Correlation Matrix

Air flow sensor_2 (m/s) -0.06 033 036 -0.12 -0.38

1.00
0.41 E-{).l{) .18 -0.26 0.02

Sensorl_Temp (C)- 0.05 0.07 0.06 037 023

0.75

Sensorl_Humidity (%) - -0.32 0.15 0.09 0.7 -0.02

Sensor2_Temp (C) - 0.29 0.13 -0.18

0.50

Sensor2 Humidity (%) 0.30 0.36
Sensor3 Temp (C)- 0.33 0.29 0.40
Sensor3_Humidity (%) - 0.06 -0.02 045 -0.07 -0.25

Sensord_Temp (C) - 0.33 -0.29 -0.03 -0.36

Sensord Humidity (%) - -0.36 031 043 033 - 0.00
Sensor5 Temp (C) - -0.12 010 0.34 0.05

Sensor5_Humidity (%) - -0.38 0.13 046 017

--0.25
Sensor6é_Temp (C) - 0.41 -0.30 -0.18 -0.28
Sensor6é_Humidity (%)
- -0.50
Activity Level - -0.10 0.07
Feeling Scale - -0.18 0.06 0.31
-0.75
Heater Grid - -0.26 0.37 045 -0.03 043 034 046 -0.18
AC Power(kW) - 0.02 023 -002 -0.18 036 040 -007 036 033 005 017 028 034
| | | | i i | i | ! i -1.00
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Fig. 7 Pearson correlation matrix

In this study, five machine learning models are employed. Among the models discussed and evaluated for
their feasibility were SVR, KNN, XGBoost Regressor, RF, and LightGBM Regressor, as presented in Table 4. In the
case of synchronized data sets, all the models are found to be efficient for estimation of energy demand and this
paper shows, how these models are useful for formulating effective energy saving operating strategies in various
fields.

Table 4 Values of R?>, MAE, and MAPE for the five models

Model Set R? MAE MAPE
Train 0.95 0.09 52.08%

SVR
Test 0.92 0.11 68.10%
Train 0.94 0.05 19.52%

KNN
Test 0.94 0.05 15.63%
Train 1.00 0.00 0.76%

XGBoost

Test 0.99 0.02 4.61%
RE Train 1.00 0.01 1.86%
Test 0.99 0.02 4.93%
LightGBM Train 1.00 0.02 5.42%
Regressor Test 0.98 0.04 10.31%
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The models show high average accuracy, while RF Regressor provides an almost perfect line fit both on the
training set and test one. Analysing the results, the model has the lowest values of absolute errors and percentage
errors, which only slightly differ from zero, meaning negligible deviations from the ideal values and great
generalization to the unseen data.

The smoothness of the fits achieved by SVR is good, but its stability is somewhat lower than that of other
models. That could be said because the obtained R? values are quite good, at least for training, equal to 0.95,
slightly lower for the test set (0.92). This may indicate that SVR is more sensitive to extreme values which will
make it more variable and unpredicted at times.

KNN is relatively stable between the training and test datasets, with a coefficient of determination R? of 0.94.
Thai KNN has low errors comparatively to SVR, and the percentage errors are held constant, thus showing good
overall generalization and accuracy, thus making KNN a competent tool in this respect.

Of all the models shown, XGBoost has the closest to ideal observation with R* values of 1.00 on training and
0.99 on test data. The model has extremely low absolute and percentage errors, making it highly accurate and
capable of exceptional predictive performance.

A similar excellent performance is observed with the LIGHTGBM Regressor model, with an R? of 1.00 on the
training set and 0.98 on the test set. Its errors are marginally higher than those of the XGBoost, but at the same
time it also has good prediction capability and considerably low overfitting which actually places LightGBM as the
strong competitor to XGBoost in terms of performance.

Based on the results presented in this comparison, XGBoost outperforms the other algorithms and has the
lowest errors and highest R?, which suggests high accuracy and predictive capability. Random Forest and
LightGBM Regressor are again not very far from perfect accuracy; thus, they are good contenders. KNN is always
accurate and stable; thus, it is suitable to be used for models that require high levels of accuracy. In contrast,
although the SVR has excellent performance as a predictive method, it is less reliable because of its extreme
sensitivity to outliers and larger percentage errors. All in all, XGBoost and Random Forest are the best models,
whereas LightGBM Regressor is also not very behind; KNN can be used as the next most efficient model.
Nevertheless, SVR has higher error rates than other models.

This research used a dataset specifically developed for this study which makes direct comparison against
prior work difficult to perform. The analysis methods and machine learning models used in this research can be
compared despite the exclusive dataset. The present research selects machine learning models Random Forest,
XGBoost and LightGBM for prediction because these algorithms have shown excellent performance in previous
work. A thorough model evaluation was achieved through the combination of R? and MAE and MAPE performance
metrics for complete accuracy and reliability assessment.

XGBoost Training Set: Actual vs Predicted XGBoost Test Set: Actual vs Predicted
[ Actual 10{ B Actual
30 3 Predicted 3 Predicted
25 8
20
9 T 6
c c
[ [
= =
(5] 15 (5]
[ [
4
10
2
5
0 . . . . 0 . . .
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 0.0 0.2 0.4 0.6 0.8

. 1.0 1.2 1.4
Power (kW) Power (kW)

Fig. 8 XGBoost model performance on training and test sets: actual vs. predicted power consumption

The XGBoost model performance can be evaluated by comparing actual and predicted AC Power consumption
values through the histograms displayed in Fig. 8. The green bars in the left plot of the training set demonstrate
an almost perfect correspondence with the blue bars representing actual values which indicates an
extraordinarily strong model performance. The right plot of the predictions on the test set does, in general, hold
some resemblance to the actual values; however, observable deviations appear in certain frequency bins,
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particularly at the higher and lower ends of the distribution. This indicates that, generally, the model generalizes
well but may have minor discrepancies when used on unseen data, mostly at extreme values in the range.

5. Conclusion

Buildings are one of the main sources of the world's energy consumption, but integrating data about occupant
behaviour may be the most effective way to customize machine learning-based energy prediction models in
particular. Only when it is possible to train models which more fully represent the complexities of energy use,
including the human interactions with their environment to which these are in turn coupled, is there any realistic
opportunity for global energy-efficiency goals to be met. The paper proposes a machine-learning technique to
support energy-use prediction in buildings but in a manner that is sensitive to occupant behaviour. The evidence
from the research proposes having developed machine learning models in conjunction with subsequent data
acquisition systems to carry out residential building power prediction. In the predictive model, combining
environmental data, occupant behaviour, and power usage, XGBoost performed slightly better than Random
Forest models because its error rate was low. More emphasis was given to acquiring same-time data, especially
on occupant activity, which increased the power of prediction of the model. Although this study is on power
consumption, this is indeed directly related to energy consumption since power is the representation of energy
consumed per unit of time. Therefore, more accurate forecasts for power consumption mean better understanding
and control of total energy consumption. Consequently, this work distinguishes itself in the literature of
prognosticating energy use, as it includes occupant behaviour as an element and thereby makes it possible to give
important insights into the design of adaptive building management systems that could manage the use of energy
judiciously, based on real-time data.
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