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ABSTRACT: Energy efficiency is a crucial issue impacting the lives of people around the world. Over the past few years, 
we have all encountered the adverse effects of high energy costs in our personal households as well as the global economy. 
The application of Artificial Intelligence and Machine Learning (AI/ML) on Internet of Things (IoT) data in the context of 
improving the energy efficiency of buildings holds immense potential. This paper aims to utilize the power of AI/ML and IoT 
to devise predictions and provide recommendations to improve the energy efficiency of buildings. The concept of “smart build-
ings” has recently become a key focus of AI/ML research, wherein the building collects energy consumption data from devices 
and sensors to analyze energy usage and provide concrete recommendations for enhancing the energy efficiency of a building. 
Similar research has been undertaken to improve the energy efficiency in smart buildings through retrofitting intervention via 
IoT components in buildings.
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�   Introduction
Artificial Intelligence/Machine Learning (AI/ML) can be 

applied to Internet of Things (IoT) applications given the 
immense scope and impact the development and integration 
of these novel predictive ap-proaches can have for society at 
large. Energy efficiency in buildings is a crucial global issue¹ 
due to multiple ongoing factors, like global warming, that 
have resulted in extreme weather conditions like extremely 
hot summers and frigid winters, and geopolitical instability 
due to events like the ongoing war in Ukraine, which has re-
sulted in unsustainably high energy costs. The project aims to 
develop predictive and control-based methods for optimizing 
energy consumption in buildings² using novel techniques in 
supervised learning, energy simulation through the Energy-
PlusTM program³, and state-of-the-art deep reinforcement 
learning (RL) algorithms. Various components of this predic-
tive energy control architecture in Python were implemented 
via simulation and AI tools like LazyPredict⁴ and RLlib⁵, and 
the final code was run in Google Colab notebooks utilizing 
the former platforms. The project used a DRL and Supervised 
Learning environment for learning predictive and efficient 
energy control in buildings obtained from the results of En-
ergyPlusTM simulations, gathering useful data through tables 
on the r-squared and RMSE) values, as well as the time taken 
to complete its run. The trend is shifting toward “smart build-
ings” that manage the buildings’ general functioning efficiently 
to minimize energy costs, and energy efficiency is a primary 
problem that the model intends to solve. Through IoT sen-
sors and data processing involving AI and ML, the project 
aims to provide long-term cost efficiencies through carefully 
calibrating a building’s energy infrastructure. In summary, this 
proposed solution will reduce energy and related maintenance 

costs necessary to keep the building operational optimally and 
cost-efficiently. 

On a personal level, I am motivated to pursue my current 
project due to the increasingly high energy bills encountered in 
my own home and the ongoing global energy crisis impacting 
economies world-wide. This project is an effective and impact-
ful way to utilize my interest in AI/ML and IoT technologies 
to develop a smart way to improve the energy efficiency of 
buildings. This project has a crucial real-world impact by de-
veloping practical solutions to the ongoing global energy crisis.
�   Methods
Since middle school, I have always been very interested in 

Mathematics, Statistics, and Computer Programming. I have 
taken numerous courses in the field, like AP Calculus BC, AP 
Statistics, and AP Computer Science A, Multivariable Calcu-
lus, Linear Algebra, and Differential Equations. To begin with, 
my project mentor and I devised a concrete plan to translate 
my interests into a viable project. The project is broken into 
two key phases: training and testing the data.

As part of the project, I researched the energy usage of 
buildings, including appliances like HVAC and IoT sensors. I 
looked into several key AI/ML concepts, including supervised 
learning, reinforcement learning, and regression, to analyze and 
process the energy usage data using modeling tools like Ener-
gym and EnergyPlus. I reviewed multiple datasets from IoT 
sensor data from Kaggle and Keras data stores. For the paper, 
I used the reference data from Kaggle called “Univer-sal_De-
sign_Space_Building_Energy_Sim-ulation.” I chose this 
dataset, in particular, because it was large and comprehensive; it 
covered a wide range of energy sources/outlets that were useful 
for my research task of analyzing energy efficiency in buildings. 
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Furthermore, the aforementioned dataset provided the neces-
sary data that I needed to utilize for my research paper.

We explored IoT sensor datasets from different building 
types⁶ in Kaggle and Keras.⁷ I familiarized myself with Py-
thon libraries and set up the Jupyter Notebook and Anaconda 
development environ-ments. I evaluated various Machine 
Learning models and settled on using Reinforcement Learn-
ing as the most prominent predictive model for the project. 
I then evaluated Reinforcement Learning models like Ray 
RLLib for running Reinforcement Learning simulations.

We explored linear regression tools like LazyPredict, eval-
uated multiple simulation tools, and chose EnergyPlus for its 
comprehensive array of building-specific features.

We also chose Energym⁸ as a tool for running simulations. 
We used EnergyPlus to generate test examples and Ener-
gym to run the code, utilizing and modifying several variables 
to manipulate the data. We also looked into the topic of 
Multi-Layer Perceptrons (MLPs) through several articles and 
examples to better understand Reinforcement Learning. 

The end goal is to devise a model that will showcase the 
potential improvements in energy efficiency for a given build-
ing and allow the building operator to dynamically adjust their 
energy consumption. I achieved this by running simulations 
through Colab notebooks and collecting the associated data 
(i.e., the r-squared and RMSE values).

To summarize, one of the key goals of this study was to 
evaluate the models’ performance relative to varying sample 
sizes of the data (i.e., 100, 1000, 10000, and all samples). This 
indicates the robustness of the predictive model when limited 
data is available for training the models. The test set was kept 
the same in all cases to ensure that comparisons were equal 
between different models with varying levels of training data.

For this study, the dataset contained key variables such as 
building type, HVAC type, floor-to-floor height, and number 
of floors as a representative sample. The building energy data 
input table from this dataset was randomly sampled down to 
256K for computational feasibility.
�   Results and Discussion
The project showcased a detailed supervised learning 

analysis of the building. The model used in the project was 
successful in qualifying the energy efficiency of the building’s 
system and highlighting the correlation between the building’s 
energy parameters and the performance evaluation metrics. 
The project utilized r-squared and RMSE values for the mul-
tiple regression models and the individual times to generate 
the results. While the expectation was that the average RMSE 
values would de-crease proportionally with the number of 
samples, the data from Table 4 indicates the opposite trend, 
as increasing the number of samples resulted in more errors in 
the model’s predictions.

The model’s efficiency was strengthened by having it prepro-
cess and inspect the data. In doing so, the model can identify 
the different parameters (e.g., the light efficiency, the HVAC 
outputs, the electricity efficiency, etc.) involved in determining 
the energy usage of the building data and analyze the relation-
ships between them. Additionally, the model also filters out 
the aspects it deems unnecessary to its algorithm.

The sample building energy data in Table 1 above provides 
the energy consumption of a typical building and captures 
consumption data from HVAC, Sensors, etc. The machine 
learning model focuses explicitly on categorical variables to 
perform its numeric training and eventually reads the regres-
sion models, which require numerical data. After processing 
the categorical variables and the associated keys (column 
headers), the machine learning model splits the data into in-
dependent (x-) and dependent (y-) variables. Later, it is fed 
the regression models and reports the cross-validation (CV) 
scores and the RMSE values. Finally, the machine learning 
model reports the associated r-squared and RMSE values and 
the time taken to obtain said values, as displayed in Tables 2, 
3, and 4. The best-performing model is highlighted in each of 
these Tables 2-4.

Table 1: Sample building energy data. This input data will be used to 
analyze the building’s energy efficiency.

Table 2: Model performance evaluation metrics for the 100-sample 
experiment. Lars produced the highest value in each column and was thus 
found to be the best-performing model.
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The outputs of the different regression models were collect-
ed for 100 samples. The Lars model is highlighted because it 
holds the highest correlation values, indicating a strong model 
for the data (Table 2). It produces a full piecewise linear path, 
allowing for a stronger correlation.

The outputs of the different regression models were col-
lected for 1000 samples to gain more varied/accurate outputs 
(Table 3). Again, the Lars model performed the highest, as the 
model allows for higher correlation due to its generation of a 
piecewise linear path. The only two models that approached 
the Lars model’s efficiency were TransformedTargetRegressor 
and LinearRegression. The former generates a linear predic-
tion on a non-linear path, and the latter simply tries to find the 
best fit for the data, regardless of the actual shape. As a result, 
they don’t capture the same efficiency level as the Lars model. 

The outputs of the different regression models were collected 
for 10,000 samples to gain more varied/accurate outputs (Table 
4). As predicted, the Lars model performed the highest due to 
its piece-wise linear structure, with the TransformedTargetRe-
gressor and LinearRegression models trailing be-hind, as the 
number of samples had exceeded the models’ threshold.

Table 3: Model performance evaluation metrics for the 1000-sample 
experiment. As in Table 2, Lars had the highest values in each column. 
Additionally, there was an increase in the respective peaks themselves.

Table 4: Model performance evaluation metrics for the 10000-sample 
experiment. The Lars model again performed the best.

Figure 1: Least Angle Regression (LARS) RMSE vs. # samples bar chart. 
The values in the bar chart indicate an increasing trend.
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The bar chart values are based on the data in the table. They 
refer to the data from the associated tables in the document. 
The average RMSE values tend to increase as the sample 
size increases (Figure 1). This is likely due to the increase in 
samples generating more error in the model’s predictions. It 
is possible that the sheer number of samples and data within 
them exceeded the LARS model’s threshold.
�   Conclusion
To summarize, this data and its analysis come from an ex-

haustive supervised learning study. The system performed an 
exhaustive analysis of the energy consumption of a building. 
The key takeaway was that a successful model was creat-
ed that qualified the levels of energy efficiency in buildings 
and provided accurate readings. The model also reported the 
r-squared and RMSE values for each regression model and 
the time taken to produce the results for each model. One in-
teresting observation from the data in Figure 1 plotting the 
average RMSE values against the number of samples is that 
the average RMSE values tended to increase with the number 
of samples, indicating that increasing the number of samples 
produced more errors in the model’s predictions, the opposite 
of what was initially expected. 

As we can infer, the data outputs from these models can 
be further enhanced to address the broader goal of providing 
concrete recommendations for potential appliances involved 
in the structure of the building. Therefore, the model can be 
strengthened with more precise data, significantly larger sam-
ple sizes, detailed readings, and interaction with real-time data 
from actual physical appliances.
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