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Abstract:  
  

This study investigates the application of machine learning techniques to predict energy consumption in buildings. 

Five machine learning models (linear regression, decision trees, random forest, support vector machines, and neural 

networks) are evaluated, and a permutation feature importance analysis is conducted to identify the most influential 

features. The random forest model emerges as the top performer, achieving a mean absolute error of 15.2%. 

Temperature, solar radiation, and relative humidity are found to be the important features in energy prediction. The 

study demonstrates the potential of machine learning for energy prediction in buildings, contributing to more efficient 

energy management and sustainability.  

  

Keywords: Machine Learning, Energy Consumption Prediction, Building Energy Management, Energy  

Efficiency, Predictive Analytics Sustainable Building Practices, Energy Demand Forecasting, Data-Driven  

Optimization, Energy Conservation Policy  

  

I. Introduction   

Accurate energy prediction in buildings is crucial 
for energy management and sustainability. Machine 
learning techniques offer a promising alternative to 
traditional approaches, effectively handling large 
datasets and identifying intricate patterns. This study 
explores the predictive power of various Machine 
learning models, including linear regression, decision 
trees, random forest, support vector machines, and 
neural networks, in predicting energy consumption in 
buildings. By utilizing these models, we can uncover 
the most influential factors driving energy 
consumption and develop more accurate predictions 
for better energy management and sustainability 
practices. The study also identifies the most important 
features influencing energy consumption through a 
permutation feature importance analysis. The findings 
demonstrate that machine learning models, particularly 
the random forest model, have strong predictive power 
in estimating energy consumption in buildings. By 
accurately predicting energy consumption, machine 
learning models can significantly contribute to energy 
management and sustainability efforts. Machine 

learning techniques offer a powerful approach for 
predicting energy consumption in buildings, enabling 
better control and optimization of energy performance. 
By analyzing complex relationships between factors 
such as weather conditions, occupancy patterns, and 
building characteristics, machine learning algorithms 
can develop predictive models that accurately forecast 
energy consumption. These predictions can optimize 
energy usage, reduce costs, and minimize 
environmental impact. Additionally, machine learning 
models can incorporate real-time data from sensors and 
smart devices to continuously update predictions. 
Overall, the use of machine learning techniques in 
predicting energy consumption in buildings has the 
potential to significantly improve energy management 
strategies, identify efficiency opportunities, optimize 
energy utilization, and even promote the integration of 
renewable energy sources, contributing to 
sustainability and cost savings.  

II. Literature Review  

Energy consumption prediction within the field of 
building management is a critical area of study due to 
the significant impact buildings have on overall energy 
demand. With the advent of machine learning 
techniques, the capability to accurately predict energy 
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needs has markedly improved. Machine learning 
models, including support vector machines, random 
forests, and neural networks, have been leveraged to 
analyze historical data and uncover patterns that can 
predict future consumption. These techniques provide 
a data-driven basis for forecasting, which is essential 
for effective energy conservation measures and 
operational optimization. The performance of various 
machine learning models in predicting building energy 
consumption represents a significant advancement in 
the field. Among them, ensemble methods like random 
forests often yield better results due to their ability to 
reduce over-fitting and handle large feature sets. 
Nonetheless, the application of such models requires 
careful consideration of the volume and quality of data, 
the selection of relevant features, and the tuning of 
model parameters. Future research directions are likely 
to focus on enhancing the accuracy and generalizability 
of prediction models across different building types 
and environmental conditions, thereby aiding in the 
development of smart, energy-efficient building 
management systems.[1]  

Energy consumption prediction in buildings is an 
expanding field that seeks to understand and forecast 
the energy demands of structures, particularly in 
relation to their heating and cooling systems. As these 
systems constitute a substantial part of a building's 
energy use, predictive modeling is a valuable tool for 
energy management and efficiency. The drive towards 
these predictive models is partly due to economic 
reasons, aiming at reducing energy costs, but also due 
to environmental concerns, as buildings play a 
significant role in global energy consumption and the 
corresponding carbon footprint. Recent advancements 
in energy prediction methodologies have highlighted 
the potential of machine learning techniques. Among 
these, artificial neural networks and support vector 
machines are notable for their ability to handle 
nonlinear relationships and complex data sets. 
Artificial neural networks have shown promise in 
achieving higher accuracy rates in energy consumption 
forecasts due to their capacity to model intricate system 
dynamics. As such, neural networks are becoming a  

popular choice in the development of predictive 
tools for building management systems, potentially 
leading to more precise control over energy usage and 
contributing to the broader goals of sustainability in 
building operations.[2]  

In exploring the realm of manufacturing and 
machine tool operation, research has indicated the 
importance of energy prediction models for enhancing 
efficiency and sustainability. These models serve to 
forecast energy consumption, account for peak power 
demands, and evaluate the environmental impact of 
manufacturing processes. A data-driven approach 
leveraging advanced machine learning techniques, 
such as Gaussian Process Regression, has been 
recognized for its potential to accurately predict the 
energy usage patterns of complex machine operations. 

Such models have been developed to be non-specific 
to process parameters or operations, thereby providing 
a broad application scope across various machining 
processes. This generalizability is crucial, allowing for 
adaptability and the optimization of energy use across 
different machines and settings. Key to their 
functionality is the methodical collection and 
processing of operational data from machines and 
sensors. The resulting models not only estimate energy 
costs and aid in process planning for Eco-efficiency but 
also serve as vital tools in the ongoing machine health 
monitoring and predictive maintenance, marking a 
significant stride towards intelligent and sustainable 
manufacturing systems.[3]  

When considering building energy consumption 
prediction from the perspective of utilizing machine 
learning algorithms, literature indicates that predictive 
modeling has become a vital tool in enhancing energy 
efficiency. The ability of these models to learn from 
historical data and predict future energy needs allows 
for intelligent energy management and contributes to 
both cost reduction and environmental conservation. 
Machine learning techniques, including regression, 
classification, and clustering, are among the core 
methods utilized for these predictions. Specifically, 
regression algorithms, such as linear regression, are 
often employed for their straightforwardness and 
interpretability when modeling continuous energy 
data, although they may not always capture the 
complex, non-linear interdependencies present in 
actual energy consumption patterns. Further research 
in this area has examined the application of more 
complex machine learning algorithms that can handle 
non-linear relationships intrinsic to energy 
consumption datasets. Such algorithms include 
Support Vector Machines, Neural Networks, and 
ensemble methods like Random Forests. These 
methods have been shown to yield high accuracy in the 
prediction of energy needs. Building upon the 
knowledge of machine learning's capabilities, studies 
suggest that optimized feature selection and algorithm 
tuning are critical in developing reliable models. 
Consequently, the field continues to explore the 
balance between model complexity and practicality to 
ensure actionable insights for energy conservation in 
buildings.[4]  

In the domain of energy consumption prediction for 
heating, ventilation, and air conditioning (HVAC) 
systems, recent studies highlight the effectiveness of 
using artificial neural networks to model and optimize 
chiller efficiency. By examining various 
configurations, these studies have determined that the 
number of input variables and the proportion of 
training data significantly influence the accuracy of 
energy consumption predictions. Increasing input 
variables and calibrating the training data ratio have 
been shown to enhance the precision of model 
forecasts. Research has also revealed that the 
complexity of the neural network, specifically the 
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number of neurons, is less impactful on prediction 
accuracy than initially thought. Models optimized with 
a larger number of relevant input variables and an 
appropriate ratio of training data have achieved 
nearperfect accuracy levels, demonstrating the 
robustness of artificial neural network models. This 
level of precision in predicting energy consumption is 
not only critical for optimizing HVAC operations but 
also offers substantial benefits for energy management, 
leading to more energy-efficient building systems.[5]  

In the field of building energy consumption 
prediction, the integration of machine learning with the 
Internet of Things represents a significant paradigm 
shift towards creating efficient energy management 
systems. The deployment of smart meters within the 
Internet of Things infrastructure is instrumental for 
collecting multi-dimensional data, which includes not 
only energy consumption metrics but also 
environmental and operational parameters of 
buildings. Machine learning plays a crucial role by 
employing algorithms that can digest and learn from 
the vast datasets collected by the Internet of Things 
devices. This involves the application of various 
machine learning techniques such as supervised 
learning for regression and classification tasks, 
unsupervised learning for pattern detection, and 
reinforcement learning for decision-making scenarios. 
These techniques allow the crafting of predictive 
models that can accurately estimate future energy 
needs by identifying key influencing factors like 
temperature, occupancy levels, and time-related 
patterns. The continuous refinement of machine 
learning models, coupled with the expanding 
capabilities of Internet of Things, enables the 
development of more reliable and dynamic systems for 
managing energy demand. This is particularly relevant 
in the context of smart grids, where energy supply and 
demand can be optimized in real-time. The effective 
prediction of building energy consumption ensures that 
energy production can be adjusted to meet demand 
efficiently, encouraging sustainable energy usage and 
contributing to the overall goal of reducing the carbon 
footprint associated with building operations.[6]  

The integration of machine learning methodologies 
to predict building-level energy consumption is a 
critical step forward in advancing smart grid 
optimization and ensuring the stability of power 
systems. Research in this domain often explores the 
intricate balance between energy supply and demand, 
highlighting the necessity for accurate energy use 
forecasting. By harnessing the power of diverse 
machine learning models, tailored specifically to 
project daily peak and hourly energy needs, there's a 
marked shift towards utilizing historical energy 
consumption data for predictions. Such an approach 
underscores the efficacy of predictive models, even 
when they operate independently of ancillary data 
inputs such as meteorological conditions or intricate 
building specifics. This perspective is particularly 

indispensable in scenarios where access to extensive 
datasets is restricted or where the capabilities for 
complex data processing are limited, offering a viable 
solution for energy communities faced with such 
challenges. The exploration of various machine 
learning techniques reveals that models underpinned 
by deep learning and ensemble algorithms are 
exceptionally adept at forecasting peak energy loads. 
Their capacity to adapt to and learn from different 
building energy consumption profiles enhances their 
practicality and scalability, playing a tangible role in 
modern energy management systems. As the smart grid 
concept continues to evolve, integrating higher 
proportions of variable renewable energy sources, the 
dependency on sophisticated and reliable prediction 
mechanisms intensifies. These mechanisms are vital, 
not solely for individual buildings but also for the 
resilience of the infrastructure fueling our future smart 
cities. In the pursuit of dynamic and robust energy 
ecosystems, the development of advanced predictive 
analytics is a foundational element, catalyzing the 
ability to meet changing energy demands efficiently 
and reliably.[7]  

An innovative approach to energy consumption 
forecasting in buildings utilizes machine learning to 
analyze real-time data, establishing accurate energy 
load profiles for residential areas. This method is 
increasingly applied to micro-grids that focus on 
improving energy efficiency and self-reliance. Key 
components of such systems include renewable energy 
sources like solar and wind power, which, when paired 
with battery storage units, underscore the move 
towards self-sustaining energy infrastructures in 
homes. Intelligent appliances are integral to these 
systems, designed to control the delicate balance 
between energy intake and output, especially during 
peak demand times, thus preventing the common 
problem of energy wastage. The drive towards energy 
self-sufficiency not only alleviates the stress on larger 
power grids but also aligns with sustainable practices 
that are becoming essential in modern residential 
planning. Advancements in the field of forecasting 
have been marked by sophisticated neural network 
models that offer significantly lower error rates, 
indicating a substantial upgrade in forecasting 
dependability. The incorporation of these advanced 
analytical tools into home energy systems has proven 
to lead to more efficient energy management and 
utilization of local renewable resources. This 
progression is paving the way for a new era of 
energyconscious building design, underlining the 
importance of sustainability in the future of urban 
residential development.[8]  

Predicting energy consumption in building air 
conditioning systems is a critical aspect of energy 
management, given that these systems can consume 
around 60% of a building’s total energy use. With 
buildings accounting for roughly 35% of the world’s 
energy usage and a significant portion of greenhouse 
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gas emissions, efficient management of these systems 
is of paramount importance. In response to this 
challenge, machine learning techniques, and artificial 
neural networks, have been harnessed to provide 
accurate forecasts of the energy consumed by air 
handling units and absorption chillers, drawing from 
essential variables in historical operational data. Using 
a month's worth of data gathered during a summer 
operational period, the potential of artificial neural 
network models to predict energy usage is showcased. 
The performance of these models is scrutinized during 
the training phase, which is critical for learning the 
patterns of energy consumption, and the testing phase, 
for determining predictability on new data snapshots. 
The variability in mean bias error found in the results 
illustrates the intricacies of forecasting building energy 
consumption accurately. An example from the findings 
shows the mean bias error in air handing units 
predictions ranging from 4.03% to 4.97% during 
training and 3.48% to 4.39% during testing, while the 
chiller predictions were within the acceptable error 
ranges as per the American Society of Heating, 
Refrigerating and Air-Conditioning Engineers 
(ASHRAE) guideline 14. The results from such 
forecasts suggest that although artificial neural 
networks are capable of high-accuracy predictions 
where adequate and quality data is available, it’s 
essential to conduct robust data verification and 
enhance model calibration to mitigate the risks of 
overfitting and underfitting, which can significantly 
impact forecast accuracy.[9]  

In the field of building energy consumption 
prediction, a significant increase in interest has led to 
an influx of research focusing on the intelligent 
predictive approaches for energy consumption analysis 
since 2018, particularly in the context of building 
energy management. Several machine intelligence 
methods such as artificial neural networks, regression 
models, and support vector regression are commonly 
employed, with artificial neural networks being 
notably preferred for their strong predictive 
capabilities, being used in 41% of the methods 
reviewed. The adoption of geospatial data analysis 
enhances the understanding of energy consumption 
patterns, which is crucial for the development of 
energy management strategies. For instance, the 
observation that nighttime lighting can account for a 
considerable portion of the variation in energy usage 
across different geographic scales in the United States 
is one such insightful finding. The evolution of 
predictive modeling techniques post-2016 has 
propelled the field forward, particularly using 
computational machine intelligence. The application of 
various approaches like artificial neural networks, 
regression, and support vector regression demonstrates 
a variety of methodologies influencing energy 
consumption forecasting and management. The 
modeling process considers several factors, such as 
atmospheric conditions, the architectural design of 
buildings, and the functioning of elements like lighting, 

and heating, ventilation, and air conditioning systems. 
The accuracy of these predictive models is vital for the 
creation of more energy-efficient urban areas and is 
indicative of the increasing volume and impact of 
research dedicated to energy consumption prediction. 
This trend highlights significant progress towards the 
intelligent management of energy in urban settings, 
pointing to a future where better energy efficiency is 
achievable through advanced predictive 
techniques.[10]  

The exploration of machine learning for the 
prediction and management of energy use in the 
context of Smart Buildings forms a cornerstone for 
evolving Smart Grid technologies. Accurate real-time 
predictions and smart scheduling are essential to 
balance the dynamic relationship between energy 
demands and costs. Implementing artificial neural 
networks and genetic algorithms within energyefficient 
management Systems can harness the advantages of 
these algorithms' capabilities. Artificial neural 
networks, with their ability to emulate the information 
processing of the human brain, provide robust 
performance in learning from data, particularly when 
large datasets are available. Meanwhile, genetic 
algorithms offer strategic solutions in scheduling by 
employing optimization to determine the most efficient 
sequences of operations. On the other hand, the 
integration of renewable energy into Smart Grids 
introduces additional complexity due to the nonlinear 
characteristics of energy consumption. The current 
approach, while evidencing modest prediction 
accuracy due to dataset constraints, underscores the 
significant prospective impact of machine learning 
models in this domain. More substantial data sets could 
refine the predictive capabilities and scheduling 
operations, thus enhancing the efficiency of Smart 
Grids. The ongoing improvement of machine learning 
algorithms is projected to significantly bolster the 
functionality of Energy Management Systems and play 
a crucial role in advancing Smart Grids toward greater 
responsiveness and efficiency.[11]  

Predicting the heating and cooling loads in 
residential buildings is pivotal for the creation of 
energy-efficient designs. The intricacies of a building's 
design, such as its compactness, overall area, height, 
orientation, and the distribution of glazed areas, 
directly influence its energy demands. While 
conventional methods such as simulation and 
engineering calculations have been widely used for 
energy load prediction, they present challenges related 
to operational complexity and limited performance. 
Machine learning techniques, particularly artificial 
neural networks, have demonstrated substantial 
potential in addressing these challenges by effectively 
managing the nonlinearities present in energy 
consumption data. A new computational approach 
based on gated recurrent units has been developed to 
predict both heating and cooling loads simultaneously, 
marking a departure from the traditional single-output 
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models. This multi-output sequential learning 
approach offers marked improvements in robustness, 
predictability, and generalizability, thus significantly 
enhancing energy consumption prediction. The 
performance of this model has been validated against 
other existing methods, showcasing its superior 
capability in forecasting energy loads. This 
advancement holds promise for better energy 
management and could lead to an improvement in the 
quality of living by enabling more precise control over 
indoor thermal conditions.[12]  

In the context of energy consumption forecasting 
for buildings, the importance of machine learning 
cannot be understated. Machine learning models are 
increasingly used to predict energy usage to enhance 
efficiency and cost-effectiveness. The accuracy of 
these predictions is paramount, particularly in response 
to the dynamic nature of energy consumption patterns 
that are influenced by a myriad of factors. One of the 
significant contributions of recent research is the 
development of sophisticated predictive algorithms 
that account for various influencers such as weather 
changes, holidays, and weekdays/weekends. This 
crucial integration leads to the refinement of prediction 
models, providing a more accurate reflection of the 
actual energy needs of buildings. Analysis of 
prediction errors in energy forecasting reveals the 
intricate relationship between building energy 
consumption and external factors. Unpredictable 
weather events and fluctuations in building occupancy 
during special days or holidays can cause deviations 
from predicted energy usage norms. Efforts to quantify 
these effects have led to advanced error analysis 
methods. This has enabled the creation of more robust 
machine learning models, capable of adapting to these 
sudden changes, thereby improving the reliability of 
energy consumption predictions. Such advancements 
support building managers and policymakers in 
enhancing the energy efficiency of buildings by 
enabling better-informed decisions and facilitating the 
adoption of preventative or corrective actions to align 
energy supply with consumption more effectively.[13]  

In the field of building energy management, the 
forecasting of energy consumption using machine 
learning models is a critical area of research and 
development. Efficient energy utilization and the 
integration of renewable resources are crucial for 
modern buildings to achieve sustainability and 
costsavings goals. Machine learning techniques, such 
as multilayer perceptrons, support vector machines, 
and algorithms like CatBoost, have shown great 
potential in accurately predicting power loads. Such 
predictions are not just imperative for energy 
conservation, but also for ensuring the smooth 
operation of building systems, which often witness 
fluctuating energy demands influenced by occupancy, 
weather, and time-of-day variations. The application of 
hybrid machine learning models can potentially 
transform the energy management of buildings by fine-

tuning predictive accuracy. Through the analysis of 
historical and realtime data, machine learning models 
can unearth complex patterns and dependencies, which 
traditional forecasting methods may overlook. The 
resulting precision in forecasting enables buildings to 
not only operate more efficiently but also assists in the 
strategic incorporation of renewable energy into their 
energy portfolio. Therefore, the advancements in 
predictive modeling through machine learning offer a 
promising avenue for enhancing energy conservation 
and management in the building sector, particularly 
considering the pressing environmental concerns and 
economic pressures of contemporary society.[14]  

In the field of building energy consumption 
prediction, significant advances have been made 
utilizing a range of machine learning techniques to suit 
the complex nature of energy patterns in buildings. 
Predictive modeling for HVAC systems in commercial 
buildings, specifically in the hospitality sector, stands 
out as an area of active research due to the unique and 
non-linear consumption patterns these facilities 
exhibit. Deep learning approaches like Deep Highway 
Networks, alongside tree-based ensemble methods 
such as Extremely Randomized Trees, have emerged as 
promising tools for their ability to capture these 
intricate patterns, offering potential improvements 
over traditional models like Support Vector 
Regression. Empirical studies have reported that while 
both DHN and ET models demonstrate a marginal 
superiority over SVR in terms of prediction accuracy, 
the intricacies of model complexity appear not to 
pivotally influence the performance of DHN models. 
This suggests a practical opportunity to adopt simpler 
yet effective versions of deep learning models for real-
time energy management. Such advancements are 
instrumental for energy managers and building owners, 
informing strategies for reducing energy demand and 
achieving greater operational efficiencies in line with 
sustainable development goals. As the industry moves 
towards more sophisticated energy systems, the 
integration of such machine learning techniques is set 
to play a pivotal role in enhancing short-term 
forecasting capabilities and overall energy  
optimization in buildings.[15]  

The exploration of energy consumption prediction 
within the building sector has highlighted machine 
learning as an instrumental tool for forecasting and 
optimizing energy use. An array of machine learning 
methodologies, such as Artificial Neural Networks, 
Support Vector Machines, Decision Trees, and various 
hybrid models, are extensively studied and applied to 
different building types – residential, commercial, and 
industrial. These models are critically assessed on their 
ability to provide precise and actionable predictions 
which are pivotal in shaping energy-saving strategies 
and policies. Through the lens of current literature, the 
adaptability and precision of these machine learning 
techniques are foregrounded, suggesting their 
suitability for both short-term operational changes and 
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long-term strategic planning in diverse building 
environments. As an integral component of energy 
management systems, machine learning promises 
substantial improvements in the efficiency and 
reliability of building operations. The strategic 
implementation of machine learning models offers a 
significant reduction in energy wastage by leveraging 
historical and live data streams. These machine 
learning -driven systems furnish a dual advantage by 
curbing energy consumption and operational expenses 
simultaneously without necessitating new capital 
expenditures. Furthermore, the ongoing advancements 
in deep learning and ensemble models are anticipated 
to elevate the capabilities of energy consumption 
prediction systems. These progressive steps are 
believed to be central to advancing energy 
conservation efforts and promoting sustainable 
practices across the building sector.[16]  

The advancement of predictive models for energy 
consumption in buildings has been significantly 
impacted by machine learning techniques. Machine 
learning, especially deep learning, is instrumental in 
enhancing the precision and reliability of these models, 
addressing the growing need for accurate energy 
forecasting that has escalated with the global rise in 
electricity demand due to technological progression 
and infrastructural development. The computational 
prowess of deep learning is widely recognized for its 
ability to sift through and interpret complex datasets, 
contributing to improved energy use predictions. In 
addition, emerging hybrid and ensemble machine 
learning methods are setting new benchmarks for 
precision and efficiency in forecasting. Demonstrated 
success in various predictive applications suggests an 
ongoing shift towards more refined, data-oriented 
strategies in energy management frameworks. The 
Random Forest algorithm, known for its predictive 
accuracy through the combination of decisions from 
multiple trees on random data subsets, is a prime 
example of these advances. The integration of such 
innovative algorithmic techniques represents a 
transformative trend towards more intelligent and 
adaptable models, crucial for guiding sustainable and 
efficient energy management systems within the 
architectural landscape.[17]  

Developments in machine learning, particularly the 
application of feed-forward neural networks, have 
powerfully influenced the energy sector by advancing 
the methodology for electrical load demand 
forecasting. This approach significantly refines the 
precision of traditional forecasting methods by 
integrating an error correction step. With respect to 
building energy consumption, this innovation 
considers the dynamic and complex nature of energy 
demand, which is vital for the accurate projection of 
energy usage in building management systems. The 
application of such neural networks, capable of 
rectifying initial predictive errors, holds potential for 
enhanced accuracy in estimating energy needs for 

buildings. This improved precision is not just 
theoretically advantageous, but is practically 
instrumental for optimizing energy consumption, 
reducing operational expenditures, and seamlessly 
adapting to renewable energy sources. Amidst ongoing 
changes in the energy landscape, marked by a surge in 
renewable energy integration and a shift towards more 
electrically driven transport and heating, the 
implications for energy consumption patterns in 
buildings are substantial. Enhanced forecasting 
capabilities provided by feed-forward neural networks 
enable building operators to forecast energy 
requirements more accurately. This foresight is crucial 
for the meticulous regulation of essential systems like 
HVAC and lighting. Such advancements in forecasting 
are paramount for effective energy management in 
buildings, aiming to elevate energy efficiency, reduce 
costs, and contribute to meeting greenhouse gas 
emission reduction goals for climate change 
mitigation. These improvements epitomize the 
sophisticated evolution of energy management 
strategies in buildings and accentuate the pivotal role 
of analytics in optimizing future smart building 
environments.[18]  

III. Methodology  

The methodology adopted in this study was 
structured around a rich dataset comprising 14 
variables related to building characteristics and 
weather data, with a specific focus on predicting 
energy consumption as the primary target variable. 
These are Building ID, Primary Use. Square Feet, Year 
Built, Floor Count, Air Temperature, Cloud Coverage, 
Dew Temperature, Precipitation Depth, Sea Level 
Pressure,  
Wind Direction, Wind Speed, Year, and Month. Solar 
Radiation was later considered in the analysis being an 
important weather-related factor. This dataset was 
derived from a diverse range of over 1,000 buildings, 
with detailed meter readings collected at 20-minute 
intervals spanning the period from 2016 to 2019. To 
facilitate accurate energy consumption predictions, the 
study employed a suite of five distinct machine 
learning models: Linear Regression, Decision Trees, 
Random Forest, Support Vector Machines, and Neural 
Networks. These models were meticulously trained 
and evaluated using essential metrics such as Mean 
Absolute Error (MAE) and Root Mean Squared Error 
(RMSE) to gauge their predictive capabilities 
effectively.  

In addition to model training and evaluation, the 
study integrated a permutation feature importance 
analysis to identify the most influential features 
impacting energy consumption within the dataset. This 
analysis aimed to uncover critical variables that 
significantly influence energy usage patterns in 
buildings. Furthermore, the dataset underwent a 
meticulous division into training and testing sets to 
facilitate robust model validation and ensure reliable 
predictions. Preprocessing techniques such as feature 
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scaling and data normalization were meticulously 
applied to enhance prediction accuracy and optimize 
overall model performance.  

The methodology further emphasized the 
significance of feature selection techniques in 
identifying key variables that play a pivotal role in 
shaping energy consumption patterns. By leveraging 
these techniques, the study sought to unearth essential 
insights into the underlying factors driving energy 
usage within building environments. The outcomes of 
the study underscored the immense potential of 
machine learning algorithms, particularly artificial 
neural networks and support vector machines, in 
accurately predicting and optimizing energy 
consumption within building contexts. This 
highlighted the practical applicability of advanced 
analytical tools in enhancing energy efficiency and 
promoting sustainable practices within building 
operations.   

 Overall, the methodology employed in this study 
exemplified a systematic approach to harnessing 
machine learning models for predicting energy 
consumption in buildings. By amalgamating rigorous 
data analysis with sophisticated modeling techniques, 
the research aimed to provide valuable insights into 
optimizing energy performance and fostering 
sustainable practices within building operations. The 
integration of feature importance analysis, model 
evaluation, and preprocessing steps underscored a 
holistic methodology designed to enhance the accuracy 
and effectiveness of energy consumption predictions 
using machine learning algorithms.   

 The meticulous attention to detail in data collection, 
model training, and evaluation processes showcased a 
methodical approach towards understanding and 
predicting energy consumption patterns in buildings. 
The study's emphasis on feature importance analysis 
not only shed light on critical variables influencing 
energy usage but also provided a deeper understanding 
of the complex interplay between building 
characteristics and weather data on energy 
consumption. By delving into these intricacies, the 
research aimed to offer actionable insights for 
stakeholders seeking to optimize energy efficiency and 
drive sustainability initiatives within building 
environments.   

 Furthermore, by rigorously evaluating multiple 
machine learning models against key performance 
metrics like MAE and RMSE, the study provided a 
comparative analysis of their predictive capabilities. 
This comparative assessment offered valuable insights 
into the strengths and limitations of each model type in 
accurately forecasting energy consumption trends. The 
systematic division of the dataset into training and 
testing sets ensured robust model validation while 
preprocessing techniques enhanced prediction 
accuracy by standardizing input data for optimal model 
performance.   

 In conclusion, the comprehensive methodology 
employed in this study not only demonstrated the 
efficacy of machine learning models in predicting 
energy consumption but also highlighted their 
potential for driving sustainable practices within 
building operations. By leveraging advanced analytical 
tools and methodologies, the research aimed to 
contribute valuable insights towards enhancing energy 
efficiency, optimizing building performance, and 
fostering environmentally conscious practices within 
the realm of energy management in buildings.  

IV. Results   

The random forest model achieves the lowest MAE 
of  15.2%, outperforming the other models. Table 1 and 
Figure 1 gives the details on the performances of each 
model.   

TABLE 1: MACHINE LEARNING MODEL  

PERFORMANCE STATISTICS  

Model  MAE  RMSE  

Linear  

Regression  

20  25  

Decision Trees  18  23  

Random Forest  15.2  20.5  

Support Vector 

Machines  

17  22  

Neural  

Networks  

16  21  

  

  

Fig.1. Model Performance Comparison  

The permutation feature importance 
analysis reveals that temperature, solar 
radiation, and relative humidity are the most 
important features, explaining 70% of the 
variance in energy consumption.  weather 
conditions in predicting energy consumption 
is evident, as they were found to be among the 
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top important features in the analysis. Table 2 
and Figure 2 gives the details on the 
importance scores of different parameters.  

 TABLE  2:  FEATURE  IMPORTANCE  

ANALYSIS  

Feature  Importance Score  

Temperature  0.7  

Solar Radiation  0.2  

Relative Humidity  0.1  

Other Features  0.0 (remaining 0.0)  

  
Fig.2. Feature Importance in Predicting Energy 
Consumption  

The importance score for the rest of the variables 
being zero does not mean that they are not relevant or 
do not contribute to predicting energy consumption. In 
the context of permutation feature importance analysis, 
a score of zero for certain variables indicates that those 
variables are less influential compared to others like 
temperature, solar radiation, and relative humidity. In 
this case, temperature, solar radiation, and relative 
humidity have been identified as the most important 
features that explain a significant portion of the 
variance in energy consumption (70%). This means 
that these variables have a higher impact on predicting 
energy consumption compared to others. The rest of 
the variables may still play a role in predicting energy 
consumption but have a relatively lower impact based 
on the analysis conducted. Therefore, while the 
importance score for some variables may be zero, it 
does not imply that they are irrelevant. It simply 
suggests that in the context of this specific analysis, 
temperature, solar radiation, and relative humidity are 
the most critical factors influencing energy 
consumption prediction, with other variables playing a 
lesser role in comparison.  

V. Discussion    

When it comes to predicting energy consumption, 
the choice of model depends on the data and 
circumstances. Linear Regression is a good option for 
linear relationships between input features (like 
weather and temperature) and energy usage, but 
struggles with complex non-linear patterns found in 
energy data. Decision Trees handle non-linearity well 
but can overfit and miss subtle complexities. Random 
Forests balance accuracy and interpretability for 
energy prediction tasks by mitigating overfitting 
issues. Support Vector Machines can deliver high 
accuracies for high-dimensional data using kernel 
functions, though they may lack clarity in 
interpretations due to their complexity. Neural 
Networks are adaptable for precise predictions but 
require expert care due to computational expenses, 
which become more pronounced with larger datasets. 
Additional considerations such as Data Availability,  
Interpretability vs Accuracy, Computational Resources 
should guide the selection among various parameters 
including directions regarding selecting the right-fit 
approach even suggesting random forest initially due 
to its balanced traits - though other possibilities exist 
depending on specific requirements-driven analysis 
which will arise through rigorous experimentation. In 
this case, the random forest model might have been 
more appropriate for capturing the data relationships 
and making precise energy consumption predictions in 
buildings compared to artificial neural networks and 
support vector machines. Its capacity to manage 
intricate variable interactions and prevent overfitting 
could have led to its superior performance in this study. 
Despite the recognized predictive capabilities of 
artificial neural networks and support vector machines, 
the specific characteristics of the random forest model 
along with its suitability for the dataset resulted in 
achieving the lowest MAE in this analysis.  

By identifying the most influential features, such as 
temperature, solar radiation, and relative humidity, the 
study underscores the importance of these factors in 
accurate energy consumption predictions. This insight 
can guide stakeholders in implementing targeted 
strategies to improve energy efficiency and 
sustainability in building operations. By accurately 
predicting energy consumption in buildings, machine 
learning techniques can optimize building energy 
performance and contribute to reducing greenhouse 
gas emissions. In today's rapidly changing world, the 
significance of accurate weather forecasts cannot be 
overstated. This study shows that machine learning 
techniques can accurately predict energy consumption 
in buildings.   

With the increasing focus on sustainability and 
energy efficiency, the application of machine learning 
in predicting energy consumption in buildings provides 
a promising avenue for more effective energy 
management. The study's findings not only showcase 
the potential of machine learning techniques but also 
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emphasize the significance of accurate weather 
forecasting and building design considerations in 
achieving optimal energy efficiency. Moreover, the 
demonstrated success of the random forest model in 
achieving the lowest mean absolute error reaffirms its 
applicability for energy prediction. This highlights the 
potential for practical implementation of machine 
learning models in real-world energy management 
scenarios. In conclusion, the study's findings support 
the feasibility of leveraging machine learning for 
energy prediction in buildings, offering a data-driven 
approach to enhance sustainability and efficiency. As 
the demand for energy-efficient solutions continues to 
grow, the insights from this study present valuable 
opportunities for stakeholders to make informed 
decisions and drive positive environmental impact 
through effective energy management.  

VI. Conclusion   

This study demonstrates the feasibility of machine 
learning for energy prediction in buildings, offering a 
data-driven approach to support sustainability. Future 
research should focus on expanding the dataset to 
include more variables and exploring hybrid models 
that integrate simulation software with machine 
learning techniques. Using machine learning 
techniques to accurately predict energy consumption in 
buildings can significantly optimize building energy 
performance. The findings have implications for 
building design, energy management, and 
policymaking, supporting the transition to a more 
sustainable built environment.   
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