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Predicting Thermal Energy Demands for Residential Buildings in Egypt: A
Machine Learning Perspective

Abstract

Buildings account for a significant share of global energy use, with heating and cooling loads
representing the most significant contributors to residential energy demand. Accurate prediction
of these loads is therefore essential for designing efficient HVAC systems and supporting energy-
saving strategies. Traditional estimation methods, however, rely on mathematical models or
empirical correlations that often fail to capture the complex interactions among building design
variables, occupancy patterns, and environmental conditions. This study addresses this gap by
conducting a comprehensive experimental assessment of multiple ML algorithms for predicting
residential heating and cooling loads. A simulated dataset was generated from diverse building
configurations, assuming a residential setting located in Cairo, Egypt, varying in geometry,
orientation, insulation, and glazing parameters. Data preprocessing, normalization, and systematic
feature selection were applied to identify the most relevant predictors. Nine supervised learning
methods, including ensemble, kernel-based, and linear models, were trained and evaluated using
rigorous cross-validation and multiple performance metrics. The findings indicate that ensemble-
based approaches offer superior predictive performance, while feature ranking highlights the
strong influence of window-to-wall ratio and glazing distribution. These results emphasize the role
of data-driven methods in enhancing energy-efficient building design and provide actionable
insights for practitioners in architecture, engineering, and energy management.
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1. Introduction

The growing demand for residential energy is primarily influenced by population growth,
urbanization, and the increasing use of energy-intensive appliances and devices [1], [2]. Studies
show that buildings are responsible for nearly 40% of global energy consumption [3], with heating,
ventilation, and air conditioning (HVAC) systems contributing substantially due to their vital role
in ensuring indoor comfort. This rising energy demand places heavy pressure on power
infrastructure and raises environmental concerns, drawing the attention of policymakers, building
occupants, and design professionals [4].

The heating and cooling requirements of buildings are a major contributor to their overall energy
consumption. Heating and cooling loads refer to the energy needed to maintain indoor
temperatures, either by adding warmth during colder periods or reducing heat during warmer
months [5]. These loads are influenced by several factors, including a building’s design, the
thermal properties of construction materials, the effectiveness of insulation, and external weather
conditions. Since maintaining thermal comfort can require substantial energy, careful management
of these factors is essential [6]. Thoughtful design strategies, advanced insulation techniques, and
the use of modern HVAC systems can help reduce energy demand, lower utility costs, and lessen
environmental impact. By addressing these aspects, buildings can achieve more efficient energy
use and support broader sustainability goals.



Estimating a building’s heating and cooling loads is essential for designing efficient HVAC
systems and insulation strategies. Accurate assessments can reduce energy waste by avoiding
oversized equipment and ensuring efficient energy distribution [7]. It also identifies opportunities
to lower energy consumption, such as improving insulation or fine-tuning system settings [8]. As
a result, the building operates more efficiently, reducing overall energy use and enhancing
performance. Accurate prediction of energy loads, covering both heating and cooling demands, is
a critical step toward achieving long-term energy efficiency and optimizing building functionality.
A key method for achieving high-efficiency buildings is performance-driven design, which
estimates the energy required to maintain occupant comfort using physics-based simulation tools
[9]. These simulations allow architects and engineers to evaluate how a building’s design,
materials, and systems affect its thermal performance before construction begins. Traditionally,
reaching an optimal design through simulation involves an iterative cycle of design, analysis, and
revision [10]. Although effective, this process can be time-consuming and may restrict the range
of explored design alternatives. Integrating optimization techniques into performance-driven
design broadens the set of possible solutions, enabling a more comprehensive exploration of
energy-efficient strategies during the early design phase.

Traditional approaches [11] rely heavily on mathematical equations and empirical correlations.
While useful, they often fail to reflect the complex interdependencies among the diverse factors
that influence energy consumption .These factors include building design characteristics, such as
insulation type and thickness, window orientation and glazing, and overall architectural layout
[12]. Occupancy patterns, including variations in the number of occupants and their behavior, also
significantly affect energy use. Weather conditions—such as temperature, humidity, and solar
radiation—further impact heating and cooling demands. Additionally, operational schedules,
covering the timing and intensity of lighting, HVAC operation, and equipment use, add further
complexity to energy consumption predictions [13]. Consequently, the accuracy of traditional
estimation methods can be limited, potentially leading to inefficient energy management and
higher operational costs [14].

In recent years, machine learning (ML) techniques have gained attention for their ability to address
complex design challenges, including building planning and energy performance prediction [1].
For example, Kumar et al. [15] examine the use of several neural networks to predict the energy
performance of residential buildings. The study evaluates different data mining algorithms,
comparing them against a proposed deep learning method [15] to assess their predictive accuracy.
Another study [16] compares physics-informed Autoregressive-Moving-Average with Exogenous
Inputs (ARMAX) models to ML models based on Random Forests and Input Convex Neural
Networks through experiments on a practical building application. The work seeks to minimize
energy consumption while maintaining occupant comfort, demonstrating that predictive control
can achieve considerable energy savings while maintaining satisfactory performance across all
models.

While these methods show significant potential, they face challenges related to the availability and
quality of training data. As supervised, data-driven approaches, ML algorithms rely on diverse and
comprehensive datasets to develop and validate accurate models. However, existing datasets often
fail to capture the full range of variables influencing building energy consumption. Most studies
[15], [16], [17] do not provide specific details about the datasets used, making it difficult to
evaluate the generalizability of their findings. Moreover, many investigations [18] do not
incorporate domain knowledge into model training, instead favoring models with lower
computational demands and better sample efficiency. These limitations underscore the need for



further research aimed at developing advanced tools, methods, and policies to support architects
and engineers in designing energy-efficient buildings. Bridging this data gap is crucial for realizing
the full potential of ML and advancing the development of more sustainable and comfortable built
environments.

Therefore, this study presents a detailed experimental evaluation of various machine learning
techniques for estimating residential buildings’ cooling and heating loads. This research highlights
the critical influence of dataset selection on model performance. Our analysis incorporates a wide
range of building parameters—such as insulation levels, window types, orientation, building
materials, and occupancy patterns—. By systematically assessing the influence of these variables,
this research demonstrates how dataset diversity directly impacts model reliability. The findings
emphasize the necessity of using datasets that reflect the diverse and complex factors influencing
building energy consumption. This approach enhances model robustness and offers practical
guidance for architects, engineers, and energy managers aiming to improve energy efficiency in
residential buildings.

This paper is structured as follows: Section 2 reviews the related literature on building energy
prediction, highlighting the strengths and limitations of existing approaches. Section 3 describes
the dataset construction, preprocessing, and feature engineering steps applied before model
development. Section 4 presents the machine learning models selected for analysis, outlining their
main characteristics and training procedures. Section 5 details the evaluation methodology and the
experimental results, comparing model performances and analyzing feature importance. Finally,
Section 6 concludes the study and outlines directions for future research.

2. Related Work

Recent studies have explored the use of machine learning models to predict heating and cooling
loads in residential buildings, aiming to support improvements in energy efficiency. This section
reviews existing work, grouped by methodological focus, and highlights the remaining challenges
that motivate the present research. Table 1 provides a summary of the datasets, building types,
locations, sample sizes, models, and prediction targets reviewed in this section.

A widely used dataset [19] contains 768 samples with eight input features—relative compactness,
surface area, wall area, roof area, overall height, orientation, glazing area, and glazing area
distribution—and two outputs: heating load (HL) and cooling load (CL). Early studies applied
classical ML techniques to this dataset. For instance, one study [20] compared linear regression
and random forest (RF) models, using RF to evaluate feature importance. Interestingly, although
the glazing area was identified as the most influential feature, it did not exhibit the strongest
association with HL or CL.

Building on these findings, another research [21] proposed an extreme gradient boosting
(XGBoost) model, achieving high accuracy with R? scores of 0.9993 for HL and 0.998 for CL,
evaluated using standard error metrics such as RMSE, MAE, and MAPE. Similarly, Mehdizadeh
Khorrami et al. [22] employed linear regression and decision tree classification methods, using
Pearson correlation coefficients to assess input feature impacts. Decision trees achieved the highest
accuracies, with 98.96% for heating load predictions and 93.24% for cooling load predictions.
Mohebbi and Afzal [23] further explored regression techniques by applying support vector
regression, decision tree regression, and extra tree regression. They introduced an optimization
strategy, the Tyrannosaurus Rex algorithm, which enhanced model performance to an R? of 0.987
and an RMSE of 1.167. However, these studies primarily focused on model accuracy without
addressing generalization across diverse building configurations or climates.



To improve predictive performance and robustness, hybrid and ensemble methods have been
explored. Sadaghat et al. [24] developed the XACM model, combining Extreme Gradient Boosting
(XGBoost), Adaptive Boosting (AdaBoost), and Covariance Matrix Adaptation Evolution
Strategy (CMAES). Their approach accounted for various indoor environmental conditions and
building parameters in Athens. While demonstrating strong predictive capability, the model’s
dependency on specific assumptions, such as standardized facade properties and occupancy
patterns, may restrict its applicability to other environments.

Other work [25] combined a Multi-Layer Perceptron (MLP) with meta-heuristic optimization
techniques, namely Particle Swarm Optimization (PSO) and Grey Wolf Optimizer (GWO).
Although the MLP-PSOGWO model showed robust performance, its computational demands
during training and optimization present challenges for practical deployment.

In parallel, some studies have focused on predicting broader building energy consumption patterns
rather than specifically targeting heating and cooling loads. Dong et al. [26] developed an ensemble
model combining support vector regression (SVR), artificial neural networks (ANN), and multiple
linear regression (MLR), using data from 507 nonresidential buildings in New York [27]. Their
ensemble model outperformed individual models but did not account for variations across building
types or climatic conditions.

Similarly, Olu-Ajayi et al. [28] compared nine ML techniques, including deep neural networks
(DNN), K-nearest neighbors (KNN), and RF, using a dataset of 5,000 residential buildings in the
United Kingdom. DNN models achieved the best performance; however, the study focused on
annual energy use without a detailed analysis of heating or cooling demands.

Several studies have emphasized feature selection and causal analysis. Dinmohammadi et al. [29]
proposed a PSO-optimized random forest model to identify variables influencing heating energy
consumption. Using causal inference techniques, they demonstrated links between air temperature,
water pipe temperature, and energy use. Despite providing valuable insights, the study lacked
extensive comparative evaluation.

In addition, research on online learning methods [30] introduced extreme learning machines
(ELM) and online sequential ELM (OSELM) for real-time prediction of HL and CL. A total of 24
models were developed, and while the ELM models achieved low MAE values, the experiments
primarily assessed computational efficiency rather than predictive generalization.

Wang et al. [31] proposed a stacking model using input features from two educational buildings
in Tianjin, China. The model categorized input variables into meteorological, time-related, and
historical consumption data. However, the reliance on a small sample raises concerns about
generalizability to broader building types and climatic regions.

Although considerable progress has been made in predicting building energy loads using machine
learning [20], [20], [21], [22], [23] , several limitations remain. Many studies rely on a single
dataset [20], [20], [20], [21], [28], focus narrowly on specific building types, or optimize models
under constrained environmental assumptions. Additionally, the influence of dataset diversity on
model performance has not been systematically investigated. To address these shortcomings, this
research conducts a comprehensive experimental evaluation using a dataset that incorporates a
wide range of building parameters. By analyzing how factors such as insulation levels, window
types, building orientation, materials, and occupancy patterns impact predictive accuracy, this
study aims to improve model robustness and offer practical insights for enhancing residential
energy efficiency in Egypt.

Table 1. A comprehensive review of the literature on predicting energy consumption.
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3. Dataset and Preprocessing

In this section, we first discuss the dataset used for building energy performance prediction. Then,
we outline the steps taken to prepare the data for analysis.

3.1. Dataset Description

This study uses a dataset collected through the simulation of multiple buildings generated with the
DesignBuilder software [32]. DesignBuilder [32] is an environmental analysis tool that integrates
with general Building Information Modeling (BIM) platforms such as Autodesk Revit Architecture
[33]. It enables detailed preliminary analyses of building energy demand and performance through
a wide range of analytical functions and an interactive visual interface that allows users to visualize
results directly within the building model.

To construct the dataset, HL and CL values were recorded for 640 simulated residential buildings.
These parameters, hereafter referred to as the output variables and denoted as y, were determined
based on varying building designs and configurations. Table 2 presents the mathematical



representation of each variable, the number of possible values, and descriptions of the input and
output variables used.

Figure 1. Thirty-six cubic elements are utilized to create the simulated building shapes.

The building geometries are based on a modular system using an elementary cube (3.5 x 3.5 x 3.5

m). Thirty-six cubes were employed (Figure 1) to create different building shapes. Twenty unique

forms (Figure 2) were selected for simulation, designed to reflect varying degrees of relative

compactness (RC), an indicator of building shape efficiency. RC is calculated according to:
6xv/3

RC = ey
A
where A denotes the building’s surface area, and V refers to its volume.

k) Form 11 1) Form 12 m) Form 13 n) Form 14
RC =091 RC=0.91 RC=0.78 RC=0.82




p) Form 16 q) Form 17 r) Form 18 s) Form 19 t) Form 20

RC =10.82 RC=0.91 RC=0.91 RC=0.99 RC =0.86
Figure 2. Used forms with Relative Compactness Coefficient
The simulations also define detailed building areas, including roof area, floor area, wall area, and
overall height (Figure 3). Orientation is considered along the four cardinal directions (North, East,
South, and West). For glazing, three glazing-to-floor area ratios (40%, 25%, and 10%) were tested.
Additionally, four distinct glazing distribution models were simulated:

Roof Area

Wall Area

Overall Height

Floor Area

Figure 3. Definition of Building Area Space

North-focused: 55% glazing on the north side, 15% on each of the others
East-focused: 55% glazing on the east side, 15% on the others
South-focused: 55% glazing on the south side, 15% on the others

o  West-focused: 55% glazing on the west side, 15% on the others
Scenarios with no glazing were also included. Each building was rotated to face all four
orientations. Based on this setup, the experimental dataset comprises (20 x 7 x 4 + 20 x 4 = 640)
samples of different building configurations. Further details on input and output parameters are
shown in Table 2.
Building materials were chosen based on standard construction practices and low U-values to
reflect realistic conditions. Specifically, the following components were modeled:

e Walls: 0.403 W/m?K

e Floors: 4.730 W/m?K

e Roofs: 0.250 W/m?K
Simulations were conducted assuming a residential setting located in Cairo, Egypt, with an
occupancy of four persons per cube. Internal conditions were set as follows: clothing insulation
level of 0.6 clo, relative humidity of 60%, air speed of 0.30 m/s, and lighting level of 300 Lux.
Sensible and latent internal gains were set to 5 and 2 W/m?, respectively. The air infiltration rate
was fixed at 0.5 air changes per hour, with a wind sensitivity factor of 0.25.



For thermal operation, a mixed-mode system was modeled with 95% efficiency and a thermostat
range of 19°C to 24°C. Building systems were assumed to operate for 15-20 hours on weekdays
and 10-20 hours on weekends.

Table 2. Dataset Input and output variables

Mathematical Representation Input/ output variable Number of possible values
X1 Relative Compactness 6
X2 Surface Area 7
X3 Wall Area 8
X4 Roof Area 7
X5 Overall height 5
X6 Orientation 4
X7 Window to wall ratio 25
X8 Glazing Area Distribution 5
Y1 Heating Load 640
Y2 Cooling Load 640

3.2. Data Preprocessing

Data preprocessing is a vital step in preparing the collected data for analysis or model training, as
it helps improve data quality and ensures reliable results [34]. Hence, this section describes the
steps taken to prepare the dataset for ML model training.

The dataset consists of 640 samples, each representing a distinct building configuration. Every
sample contained eight input features describing the building geometry and fenestration properties.
The output variables (targets) are Heating Load and Cooling Load. Heating load refers to the
amount of heating energy required, measured in kilowatt-hours (kWh), while cooling load is the
amount of cooling energy required, measured in kilowatt-hours (kWh).

All features and target variables are verified to be numerical and continuous, ensuring
compatibility with machine-learning regression algorithms. The input features consist of a
combination of continuous variables (such as Relative Compactness and Surface Area) and
categorical variables encoded numerically (such as Orientation and Glazing Area Distribution).
This mixture reflects realistic building characteristics affecting thermal performance.

3.2.1. Feature Distributions

A descriptive data analysis is conducted to examine the distribution, relationships, and potential
multicollinearity among the features prior to model training. The distributions of all input features
and target variables are visualized using histograms [35], [36], as illustrated in Figure 4. These
histograms provide insights into variability, frequency, and potential skewness of the data.

As the figure shows, categorical Features such as orientation and glazing area exhibit discrete
distributions, with certain values occurring more frequently. For instance, orientation shows four
distinct peaks corresponding to predefined categories. Alternatively, relative compactness, surface
area, and overall height display a multimodal distribution, indicating the presence of distinct
groups within the dataset. The peaks suggest specific building configurations that occur more
frequently. Also, the distributions of wall area and roof area are irregular, with certain values
appearing significantly more often than others, potentially due to design constraints in the dataset.
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Figure 4. The Histogram Visualization of All Input Features and Target Variables Distribution
For the target variables, heating load is highly skewed, with most values concentrated at the lower
end of the scale, suggesting that the majority of buildings have relatively low heating requirements.
By comparison, cooling load demonstrates a more dispersed distribution, reflecting greater
variability in cooling energy demand. The unbalanced Heating Load distribution highlights the
need for a logarithmic transformation to improve distributional symmetry. For consistency, the
same transformation was also applied to cooling load. As shown in Figure 5, the transformation
effectively reduced skewness and resulted in more symmetrical distributions.
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Figure 5. The Histogram Visualization of Transformed Target Variables Distribution
3.2.2. Correlation Analysis

A correlation analysis was conducted to examine the strength and direction of linear relationships
between the input features and the target variables. The results are visualized in the form of a
heatmap [37], [38], as illustrated in Figure 6. A heatmap is a graphical representation of data where
individual values contained in a matrix are depicted as colors. In the context of correlation analysis,
a heatmap uses a color gradient to indicate the strength of the correlation between pairs of
variables. Values close to 1 (dark red) represent strong positive correlations, meaning that as one
variable increases, the other tends to increase. Alternatively, values close to -1 (dark blue) indicate
strong negative correlations, where one variable tends to decrease as the other increases. Values
near 0 (light colors) imply little or no linear relationship [37].

The results indicated strong correlations between these target variables and some features,
suggesting that these attributes play a significant role in determining energy efficiency. For
example, the Window-to-Wall Ratio shows a strong negative correlation with Heating Load
(—0.83), indicating that increasing window size generally decreases the need for heating. Cooling
Load also correlates negatively with Heating Load (—0.75), suggesting that buildings requiring less
heating tend to require more cooling energy, reflecting typical energy behavior in temperate
climates.



Glazing Area Distribution exhibits a moderate negative correlation with Heating Load (—0.36). In
contrast, features such as Surface Area, Roof Area, Orientation, and Wall Area have a weak or
negligible direct correlation with the target variables individually. These findings imply that
certain features, particularly those related to building fenestration and envelope design, have a

more substantial influence on energy performance compared to purely geometric attributes.
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Figure 6. Correlation Heatmap of Input Features and Target Variables
3.2.3. Multicollinearity Assessment

Multicollinearity refers to the phenomenon where two or more input features are highly linearly
correlated with each other [39]. When multicollinearity is present, it can distort the importance of
individual features in regression models, lead to unstable parameter estimates, and reduce the
interpretability of the model. In this research, multicollinearity was assessed using the Pearson
correlation matrix presented in Figure 6. The heatmap revealed several vital relationships. First,
Surface Area and Roof Area are found to be perfectly correlated. This strong linear dependence
arises from the modular design of the simulated buildings, where variations in surface area directly
influence the roof area. Second, Surface Area showed a high correlation with Wall Area, although
the relationship was slightly weaker compared to Roof Area. These observations indicate that the
dataset contains features that are not fully independent. The presence of such multicollinearity can
be problematic for specific machine learning algorithms, especially linear regression and support
vector regression. It may inflate the variance of model coefficients and lead to overfitting or
unstable predictions.

3.3. Feature Engineering



Following the descriptive analysis and multicollinearity assessment, feature engineering is
conducted to enhance the predictive quality of the machine learning models and address issues
identified in the dataset [40]. Given the presence of multicollinearity between certain geometric
features, particularly between Surface Area, Roof Area, and Wall Area, a decision was made to
select input features carefully to avoid redundancy. Instead of removing features manually, feature
selection strategies are applied systematically during model training. Specifically, recursive
feature elimination (RFE) [41] or feature importance rankings based on tree-based models [42]
can help identify the most influential features for Heating and Cooling Load prediction. Therefore,
in this study, all available features were initially retained to allow the models themselves to
determine the relevance of each attribute.

As for encoding categorical variables, the dataset included two features that were originally
categorical but numerically encoded as follows: Orientation (values 1-4), and Glazing Area
Distribution (values 0—4). Since these features are already encoded as integers representing
discrete categories, no additional transformation (such as one-hot encoding [43]) was applied. The
models employed are capable of handling integer-coded categorical variables directly without loss
of information.

Finally, before model training, feature scaling [44] was applied to all input variables to ensure
numerical stability and to prevent features with larger scales from dominating others.
Standardization was used, transforming each feature to have a mean of zero and a standard
deviation of one. The scaling was performed using the StandardScaler from the Scikit-learn library,
according to the transformation [45]:

z=2F (2)

g
where x is the original feature value, u is the mean of the feature, and o is the standard deviation.

This standardization process is crucial for models such as Support Vector Regression (SVR) and
k-nearest Neighbors (k-NN), which are sensitive to the magnitude of input features. Following
feature engineering, the dataset became suitable for supervised learning models aimed at predicting
the energy demands of residential buildings.

4. Machine Learning Models

This section presents the machine learning models applied to predict the heating and cooling loads
of residential buildings. A combination of ensemble methods, classical regressors, and regularized
regression models was selected to evaluate the performance across different learning paradigms.
Each model is briefly introduced below.

4.1. Selected Algorithms

In this study, a diverse set of machine learning algorithms was selected to predict the heating and
cooling loads of residential buildings. The choice of models was motivated by the need to assess
a wide range of learning paradigms, balance between bias and variance, and evaluate models with
varying levels of complexity and interpretability. A summary of the selected models is summarized
in Table 3. As the table shows, the selected algorithms can be categorized into ensemble methods
[46], non-parametric models [47], kernel-based methods [48], and linear models, each offering
distinct advantages for the problem at hand.

First, several ensemble techniques were selected, including the Gradient Boosting Regressor [49],
Random Forest Regressor [50], Bagging Regressor [51], and AdaBoost Regressor [52]. Ensemble
methods combine multiple base learners to improve predictive performance and robustness. These



models [46], [53] are particularly well-suited for capturing non-linear relationships and
interactions among building design variables.

Second, tree-based and instance-based models [54] include the Decision Tree Regressor [54] and
K-Neighbors Regressor [55]. These models were included to provide benchmarks for simpler,
interpretable models. Decision Tree Regressor offers a straightforward, hierarchical partitioning
of the feature space and serves as a baseline for evaluating the benefits of ensemble enhancements
[54]. Similarly, the K-Neighbors Regressor is a non-parametric method that predicts outcomes
based on the local structure of the data, making no strong assumptions about the underlying data
distribution. Together, these models allow an examination of the performance of basic learners
compared to more sophisticated ensemble methods [55].

Third, the Support Vector Regressor [48] was selected to represent kernel-based learning. SVR
effectively models complex, non-linear patterns by mapping input features into higher-
dimensional spaces using kernel functions. Its ability to control model complexity through
regularization parameters makes it a valuable addition to the comparison. SVR is particularly
relevant for datasets where the relationship between inputs and outputs is not purely linear, as is
often the case in building energy performance.

Finally, Linear Regression [56] and Lasso Regression [57] were selected to represent classical and
regularized linear approaches. Linear Regression [56] provides a simple and interpretable model
that serves as a baseline for understanding the benefit of introducing non-linearity and ensemble
strategies. Lasso Regression [57] introduces an L1 penalty that encourages sparsity in the feature
coefficients, helping to address potential multicollinearity and overfitting. Including linear models
allows the study to evaluate whether simple models are sufficient for predicting energy loads or
whether more complex methods are necessary.

Table 3. Summary of Selected Machine Learning Models

Category Model Main Characteristics
Gradient Boosting Sequentially reduces prediction errors using
Regressor gradient descent
A t Itipl ision t trai
Random Forest Regressor ggregates multiple decision trees trained on
random subsets
Ensemble Method . . P
. Reduces variance by averaging predictions from
Bagging Regressor
bootstrap samples
AdaBoost Regressor Focuges on difficult-to-predict instances across
iterations
.. Hierarchical data partitioning; prone to overfitting
Tree-Based and  |Decision Tree Regressor alone
Instance-Based Predicts based on the average of nearest
Models K-Neighbors Regressor -Cl verag
neighbors
Kernel-Based Captures non-linear patterns through kernel
Method Support Vector Regressor transformations
. . Models a linear relationship between inputs and
) Linear Regression
Linear Model outputs
Lasso Regression Performs feature selection via L1 regularization

4.1.1. Gradient Boosting Regressor



The Gradient Boosting Regressor (GBR) [49] is an ensemble learning technique that constructs a
strong predictive model by sequentially combining multiple weak learners, typically decision trees.
Unlike methods where models are trained independently, Gradient Boosting builds each new
model to correct the errors made by the ensemble thus far. This sequential learning process allows
the algorithm to progressively improve its predictions, focusing more attention on instances that
previous models handled poorly.

Figure 7 illustrates the general workflow of Gradient Boosting. As the figure shows, the training
process begins with an initial prediction, which is often the mean value of the target variable in
regression tasks. Subsequently, at each iteration, a new decision tree is trained to predict the
residuals — the differences between the actual target values and the current predictions. These
residuals represent the areas where the model is underperforming and needs improvement. After
training, the predictions from the new tree are added to the ensemble’s overall prediction, adjusted
by a learning rate parameter that controls how much influence each new tree exerts.

One of the principal advantages of Gradient Boosting is its ability to achieve high predictive
accuracy, particularly on structured datasets with complex, non-linear relationships among
variables. The method is highly flexible, capable of optimizing a variety of loss functions, and can
automatically capture feature interactions without requiring extensive feature engineering.
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Figure 7. General Workflow of Gradient Boosting
4.1.2. Random Forest Regressor

The Random Forest Regressor (RFR) [50] is an ensemble learning method designed to improve
predictive accuracy and control overfitting by constructing a large collection of decision trees and
aggregating their outputs. It belongs to the family of bagging algorithms [58], where multiple base
learners are trained independently, and their predictions are combined, typically by averaging in
the case of regression tasks.

The training of a Random Forest begins by generating multiple bootstrap samples from the original
training data. Each sample is created by randomly selecting observations with replacements,
ensuring that different trees are exposed to slightly different subsets of the data. For every tree in
the forest, a random subset of features is also selected at each split, introducing an additional layer



of randomness. This feature randomness ensures that the trees are de-correlated, which improves
the overall generalization performance of the model. The general structure of a Random Forest is
illustrated in Figure 8, where multiple independent decision trees contribute collectively to the
final prediction.

Once trained, each decision tree in the ensemble produces its own prediction. The final output of
the Random Forest Regressor is obtained by averaging the predictions of all individual trees. This
averaging process significantly reduces variance compared to a single decision tree, leading to
more stable and reliable predictions even when dealing with noisy or complex datasets.
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Figure 8. General Structure of Random Forest Regressor
4.1.3. Decision Tree Regressor

The Decision Tree Regressor (DTR) [50] is a supervised learning method used for predicting
continuous target variables by learning simple decision rules inferred from data features. It builds
a tree-like model of decisions, where the data is recursively partitioned into subsets based on
feature values that result in the greatest reduction of prediction error. Each internal node of the tree
represents a decision on a feature, each branch represents an outcome of that decision, and each
leaf node represents a final prediction.

The process of training a Decision Tree begins by evaluating all possible splits across all features
and selecting the feature and threshold that best divides the data to minimize a chosen impurity
metric, such as Mean Squared Error (MSE) [59] for regression tasks. This partitioning is applied
recursively, creating increasingly refined subsets of the data at each level of the tree. The objective
is to generate subsets that are as homogeneous as possible concerning the target variable. An
example of the structure of a Decision Tree is depicted in Figure 9, illustrating how data is split at
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Figure 9. General Structure of Dec151on Tree
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One of the main advantages of Decision Trees is their simplicity and interpretability. The
hierarchical structure provides a transparent view of how decisions are made, which can be easily
visualized and understood. Decision Trees are also capable of modeling non-linear relationships
and interactions between features without requiring feature scaling or transformation.

4.1.4. Bagging Regressor

The Bagging Regressor [60] is an ensemble learning method that aims to improve the stability and
accuracy of machine learning algorithms by reducing variance through the technique of bootstrap
aggregation, commonly referred to as “bagging.” The fundamental idea behind bagging is to create
multiple versions of a predictor and use them to generate an aggregated prediction. In the case of
regression tasks, this aggregation is typically performed by averaging the individual predictions
[61].

The training process for the Bagging Regressor begins by creating multiple bootstrap samples from
the original training data. Each bootstrap sample is obtained by randomly selecting observations
from the dataset with replacement, allowing some samples to be repeated while others may be
omitted. A base regressor, often a decision tree, is then trained independently on each of these
bootstrap samples. Since each base model sees a different subset of the data, they are likely to
produce slightly different models, each capturing different aspects of the training set.

Once all base models have been trained, the Bagging Regressor combines their predictions by
averaging them, thus producing the final output. This averaging process helps in reducing the
model variance, which is particularly beneficial for high-variance models like decision trees. As a
result, the Bagging Regressor typically achieves better generalization performance on unseen data
compared to a single model trained on the entire dataset. The general approach of the Bagging
Regressor is illustrated in Figure 10, where multiple independent base models trained on different
bootstrap samples are combined to produce a single, averaged prediction.

Bagging is particularly effective because it reduces the impact of noise and anomalies present in
the training data. By averaging over multiple models, it smooths out predictions and leads to a
more robust and stable overall model. Furthermore, because each model is trained independently,
bagging is highly parallelizable, making it computationally efficient on modern hardware.
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Figure 10. General Workflow of Bagging Regressor
4.1.5. AdaBoost Regressor

The AdaBoost Regressor (Adaptive Boosting) is an ensemble learning method [52] designed to
improve predictive performance by combining multiple weak learners into a single strong learner



through an iterative, weighted training process. Unlike bagging techniques, which train base
learners independently, AdaBoost trains each model sequentially, where each new model focuses
more on the instances that previous models predicted poorly.

The training process begins by assigning equal weights to all training instances. After the first base
regressor is trained, the model’s prediction errors are analyzed. Samples that were predicted
incorrectly are assigned higher weights, while correctly predicted samples receive lower weights.
This reweighting process ensures that subsequent base learners pay more attention to the difficult
instances, allowing the ensemble to progressively correct its own mistakes. At each iteration, a
new base regressor, typically a shallow decision tree, is trained on the weighted dataset. The
performance of each learner is evaluated, and a corresponding weight is assigned to its prediction
based on its accuracy. The final prediction of the AdaBoost Regressor is then computed as a
weighted sum of the predictions from all individual models. Therefore, the model sequentially fits
learners on reweighted data, focusing increasingly on hard-to-predict instances, and combines their
outputs into a final, strong predictor.

One of the primary advantages of AdaBoost is its ability to improve the performance of weak
learners that are only slightly better than random guessing. By focusing learning effort on difficult
cases, AdaBoost often achieves higher accuracy than bagging methods when the base learners are
simple. It is particularly effective in handling moderately complex relationships without
substantial risk of overfitting, provided that the base learners themselves are not overly complex.

4.1.6. K-Neighbors Regressor

The K-Neighbors Regressor (KNNR) [55] is a non-parametric method used for regression tasks
that predicts the target value of a new sample based on the target values of its k closest neighbors
in the feature space. Rather than learning an explicit mapping from inputs to outputs during
training, KNNR retains the entire training dataset and performs all computations at prediction time.
When a prediction is required, the algorithm identifies the k samples in the training data that are
nearest to the query point according to a specified distance metric, typically Euclidean distance.
The predicted output is then computed as the average (or, in some variants, the weighted average)
of the target values associated with these neighbors. By relying on local patterns in the data, KNNR
is able to adapt naturally to non-linear relationships without the need for complex model fitting.
One of the primary advantages of the K-Neighbors Regressor is its simplicity and intuitive
approach. It makes very few assumptions about the underlying data distribution, making it a
flexible choice for a wide range of regression problems. Additionally, KNNR can perform well
when the data is well-clustered and when local relationships are strong.

4.1.7. Support Vector Regressor

The Support Vector regression [48] is an extension of support vector machines (SVM) designed
for regression tasks. Unlike traditional regression models, which aim to minimize the prediction
error directly, SVR attempts to find a function that approximates the target values within a
specified margin of tolerance, denoted by & (epsilon), while maintaining the model as flat as
possible.

The core idea of SVR is to ignore errors that fall within this e-tube around the true target values.
Predictions that lie within this tube are considered sufficiently accurate and do not contribute to
the loss. Only deviations larger than € are penalized. This formulation leads to a sparse solution



where only a subset of the training points, known as support vectors, influence the model’s
predictions, enhancing computational efficiency and model generalization.

SVR achieves this by solving a constrained optimization problem that balances model complexity
and error tolerance. The flatness of the regression function is controlled by minimizing the norm
of the coefficients, while the slack variables allow some flexibility for errors that exceed the ¢
threshold. A regularization parameter, often denoted as C, controls the trade-off between model
complexity and the amount by which deviations larger than & are tolerated. A conceptual
illustration of the SVR approach is provided in Figure 11, showing the e-tube around the regression
function and the support vectors that define the model.

Kernel function =3

Figure 11. General Workflow of Support Vector Regressor

An important strength of SVR lies in its ability to model non-linear relationships through the use
of kernel functions. By applying a kernel trick, SVR maps the input features into a higher-
dimensional space where a linear regression model can be fitted. Common kernels include the
radial basis function (RBF), polynomial, and linear kernels. The choice of kernel and its parameters
significantly affects the model’s ability to capture complex patterns.

SVR is particularly effective when the number of features is large relative to the number of
samples, and it offers robust performance in the presence of high-dimensional data. However, SVR
can be sensitive to the selection of hyperparameters such as C, €, and kernel parameters, which
typically require careful tuning through cross-validation. Additionally, the computational cost can
become significant for large datasets, as the complexity of training depends on the number of
support vectors.

4.1.8. Linear Regression

Linear Regression [56] is one of the most fundamental and widely used techniques in supervised
learning, particularly for regression tasks. The objective of linear regression is to model the
relationship between a set of input features and a continuous target variable by fitting a linear
equation to the observed data. The model assumes that the target variable can be expressed as a
weighted sum of the input features, plus an intercept term.

Training a linear regression model involves estimating the coefficients, or weights, for each input
feature such that the sum of the squared differences between the actual target values and the
predicted values is minimized. This process, known as Ordinary Least Squares (OLS) [56], seeks
to find the line or hyperplane that best fits the data in a manner that minimizes prediction error.
The resulting model provides a straightforward interpretation: each coefficient represents the
expected change in the target variable for a one-unit change in the corresponding feature, assuming
all other features remain constant.



One of the primary advantages of linear regression is its simplicity and interpretability. The
model’s assumptions are easy to understand, and the fitted coefficients offer direct insights into
the influence of each feature on the target variable. Furthermore, linear regression models are
computationally efficient to train, even on relatively large datasets.

However, linear regression comes with several limitations. It assumes a linear relationship between
the inputs and the output, which may not hold in complex real-world scenarios. The model is also
sensitive to multicollinearity among input features, where highly correlated predictors can distort
the estimated coefficients and reduce model reliability. Additionally, linear regression is sensitive
to outliers, which can disproportionately influence the fitted model [56], [62].

Despite these limitations, linear regression serves as a critical baseline in predictive modeling. It
establishes a benchmark against which more complex models can be compared and often provides
surprisingly strong performance when the true relationship between inputs and outputs is
approximately linear.

4.1.9. Lasso Regression

Lasso Regression (Least Absolute Shrinkage and Selection Operator) [57] is a regularized
extension of linear regression that addresses some of the limitations of the standard linear model,
particularly in situations where multicollinearity among features is present or when feature
selection is desired. The primary innovation in Lasso Regression is the addition of an L1 penalty
term to the loss function, which encourages sparsity in the coefficient estimates.

In Lasso Regression, the model seeks to minimize the residual sum of squares while
simultaneously constraining the sum of the absolute values of the coefficients. This regularization
term imposes a constraint that tends to shrink some coefficients exactly to zero, effectively
removing the corresponding features from the model. As a result, Lasso not only helps prevent
overfitting by reducing model complexity but also performs automatic feature selection, retaining
only the most relevant predictors.

One of the main advantages of Lasso Regression is its ability to handle high-dimensional datasets
where the number of features may be large relative to the number of observations. By eliminating
irrelevant or redundant features, Lasso simplifies the model, making it more interpretable and often
improving its generalization performance.

However, Lasso has certain limitations. When there are highly correlated predictors, Lasso may
arbitrarily select one variable from the group while shrinking the others to zero, potentially losing
valuable information. Moreover, suppose the number of predictors greatly exceeds the number of
observations. In that case, Lasso may select at most as many predictors as there are observations,
which can be restrictive in some applications [57].

4.2. Model Training

Each of the selected machine learning models is trained and evaluated on the standardized dataset
for predicting heating and cooling loads described in Section 3.1. The training process emphasizes
consistency across the models to ensure a fair comparison while also accounting for each learning
algorithm's specific requirements.

First, the dataset was partitioned into training and testing subsets to assess model generalization.
An 80/20 split was used, with 80% of the samples allocated to the training set and the remaining
20% reserved for testing. The split was performed randomly but in a stratified manner, ensuring
that the distribution of the target variables — heating load and cooling load — was preserved



across both subsets. This approach minimizes sampling bias and ensures that both the training and
testing sets are representative of the overall dataset. As discussed in Section 3.2, feature scaling
was applied to the input variables using standardization. The StandardScaler method [45] was
employed to transform the features to have zero mean and unit variance. This step is particularly
important for models such as Support Vector Regressor and K-Neighbors Regressor, which are
sensitive to the magnitude of feature values. The same scaling parameters computed on the training
set were applied to the test set to avoid information leakage.

Each machine learning model was trained on the standardized training data according to its specific
requirements. Default hyperparameters were initially used to establish baseline performance.
Subsequently, for models where initial performance was suboptimal, manual tuning of key
hyperparameters was conducted based on cross-validation results.

For example, in ensemble models like Gradient Boosting and Random Forest, the number of
estimators (trees), maximum depth, and learning rates were adjusted. For SVR, the penalty
parameters C, epsilon, and kernel types were fine-tuned. Similarly, the number of neighbors k for
the K-Neighbors Regressor was selected based on validation error minimization.

The training was performed independently for the two prediction tasks — heating load and cooling
load — to allow the models to optimize separately for each target. This separation acknowledges
that the two tasks, while related, may have different underlying predictive structures and feature
importances. Also, early stopping techniques were considered for boosting methods where
applicable to prevent overfitting. In addition, regularization parameters in Lasso Regression were
tuned using internal validation to ensure optimal feature selection without excessive shrinkage. All
models were trained using the Scikit-learn library in Python [63] , utilizing consistent random
seeds to ensure the reproducibility of the results.

4.3. Performance Metrics

The performance metrics used to evaluate the proposed energy prediction model are statistical
measures that determine how well the model fits the data. These key measures are the root mean
square error (RMSE); the adjusted R? refines the conventional R? (coefficient of determination) by
imposing a penalty for the inclusion of superfluous predictors; the mean absolute error (MAE);
and the mean absolute percentage error (MAPE) [64]. These metrics provide insights into the
model's accuracy, precision, and overall fit.

A model will be considered to fit the data well when all error measures are low values, indicating
that the differences between the actual values and the model's predicted values are small and
unbiased. A higher Adjusted R-squared value indicates that the model correctly fits the data.
Fundamentally, these error metrics assess the model's ability to anticipate energy demands using
the error values. The formulas utilized to calculate these performance measures are as follows [64]
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The actual HL and CL value responses are denoted by y;, the predicted value of the HL and CL
responses is represented by y;, S is the number of samples, p number of predictors and ¥y, is
the mean of the actual values.

5. Results and Discussion

Numerical experimental results were recorded using the Python programming language. In this
study, the analysis of experimental results revealed significant findings between the selected ML
models. According to the performance evaluation criteria, a model that achieves values closer to
zero for MAE, MSE, and RMSE is considered a good predictive model. MAPE compares the
predicted values to the actual values and expresses the accuracy as a percentage. Conversely, a
model with adjusted R? values closer to 1 is deemed to produce the superlative results. Tables 4
and 5 demonstrate the performance indicators for predicting energy in both HL and CL using
various ML models.

Table 4. Performance of HL prediction using ML models.

Model adjusted R* | MSE | RMSE | MAE | MAPE (%)
Gradient Boosting Regressor (GBR) 0.975 0.035 | 0.188 | 0.136 2.6
Bagging Regressor 0.968 0.045 | 0.211 | 0.154 3
Random Forest Regressor (RFR) 0.966 0.047 | 0.216 | 0.154 3
Decision Tree Regressor (DTR) 0.949 0.071 | 0.266 | 0.19 3.8
AdaBoost Regressor 0.932 0.094 | 0.307 | 0.239 4.7
Support Vector Regressor (SVR) 0.87 0.18 | 0.424 | 0.292 5.7
Linear Regression (LR) 0.837 0.226 | 0.475 | 0.377 7.3
K Neighbors Regressor (KNNR) 0.831 0.234 | 0.483 | 0.369 6.9
Lasso 0.079 1.276 | 1.13 0.9 16.1

Table 5. Performance of CL prediction using ML models.

Model adjusted R* | MSE | RMSE | MAE | MAPE(%)
Gradient Boosting Regressor 0.978 0.005 | 0.071 | 0.051 0.5
(GBR)
Bagging Regressor 0.972 0.006 | 0.08 | 0.057 0.5
Random Forest Regressor (RFR) 0.967 0.007 | 0.086 | 0.061 0.6
Decision Tree Regressor (DTR) 0.953 0.011 | 0.103 | 0.069 0.6
AdaBoost Regressor 0.953 0.011 | 0.103 | 0.081 0.8
Support Vector Regressor (SVR) 0.934 0.015 | 0.122 | 0.096
Linear Regression (LR) 0.906 0.021 | 0.146 | 0.12 1
K Neighbors Regressor (KNNR) 0.877 0.028 | 0.166 | 0.125 1.2
Lasso -0.016 0.229 | 0.478 | 0.361 3.5




For heating load prediction, Gradient Boosting achieved the highest performance with an adjusted
R? of 0.975. Bagging Regressor (0.968), Random Forest Regressor (0.966), Decision Tree
Regressor (0.949), and AdaBoost Regressor (0.932) followed closely, all demonstrating strong
predictive capability. In contrast, the Support Vector Regressor showed a lower adjusted R? of
0.87, while the K-Neighbors Regressor and Linear Regression achieved only moderate accuracy
and exhibited higher error values. Lasso Regression performed poorly, with an adjusted R? 0of 0.079
and substantially higher error metrics. A comparative summary of these results is illustrated in
Figure 12.

For cooling load prediction, Gradient Boosting achieved the best performance with an adjusted R?
of 0.978. Bagging Regressor (0.972), Random Forest Regressor (0.967), and both Decision Tree
Regressor and AdaBoost Regressor (0.953) also demonstrated strong predictive accuracy,
supported by consistently low error values. Support Vector Regressor and Linear Regression
provided moderate effectiveness, whereas K-Neighbors Regressor showed reduced accuracy.
Lasso Regression yielded a negative adjusted R? value (—0.016), confirming its unsuitability for
this prediction task. Overall, these results highlight the superiority of ensemble-based models—
particularly Gradient Boosting and Bagging—as the most reliable approaches for estimating both
heating and cooling loads. Figure 13 presents a comparative summary of these outcomes.
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Figure 12. Performance comparison of ML models for Heating Load estimation using MAE,
Adjusted R?, RMSE, and MAPE.
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Figure 13. Performance comparison of ML models for Cooling Load estimation using MAE,
Adjusted R?, RMSE, and MAPE.

Leave-One-Out Cross-Validation (LOO-CV), a special case of cross-validation, was employed to
evaluate the performance of the machine learning models. In this approach, a single data sample
is set aside for testing while the model is trained on all remaining samples, and the process is
repeated until each sample has been used once as a test instance. This method is particularly
suitable for the present dataset, where maximizing the use of all available data is essential. By
ensuring that every observation contributes to both training and testing, LOO-CV offers a
comprehensive and unbiased assessment of model performance. The evaluation results for the
Gradient Boosting Regressor under LOO-CV are illustrated in Figure 14.



= = Perfect Prediction

Predicted Heating Load
[+}]
1
(3]
(=]
Heating Load Intensity

1
o
o

1
b
5}

-40

4 5 6 4 8
Actual Heating Load

== Perfect Prediction M— 11.25
11.25 .,F

11.00 - 11.00
T 10.75 - 10.75
S 2
o 2
% 10.50 - 1050 €
g=}
S S
T 1025
g - 10.25 _cga
3 3
& 10.00 - 10.00 -
’/
975 -7
o - 975
-~
9.50 ’ .
w- 9.50
9,50 975 10.00 10.25 10.50 10.75 11.00 11.25

Actual Cooling Load

Figure 14. Model Performance using Leave-One-Out Cross-Validation (Actual vs Predicted
Values)
Feature selection techniques were systematically applied during model training rather than
removing features manually, to reduce redundancy and maintain objectivity. An adaptive feature
ranking approach was adopted, combining flexibility and accuracy in identifying the most relevant
predictors. Specifically, feature importance from tree-based models and Recursive Feature
Elimination (RFE) were employed to establish a scalable strategy applicable across different
learning algorithms. This ranking process not only identifies the features most influential for
heating and cooling load prediction but also enhances model robustness and interpretability,
supporting data-driven design decisions. Figure 15 illustrates the feature ranking obtained using
the Gradient Boosting Regressor, where the window-to-wall ratio (X7) and glazing area
distribution (X8) emerged as the most influential variables for both heating and cooling demands.
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Figure 15. Feature ranking of Gradient Boosting Regressor for Heating and Cooling Loads.

In this paper, the prediction performance of nine ML techniques—Gradient Boosting Regressor,
Random Forest Regressor, Decision Tree Regressor, Bagging Regressor, AdaBoost Regressor, K
Neighbors Regressor, SVR, LR, and Lasso—is compared for predicting both HL and CL. The
study's results highlight an ML model that empowers structure designers to predict energy loads
during the initial design stage. Overall, the Gradient Boosting Regressor yielded superior results
for energy prediction. However, other efficient predictive models were also identified in this study,
including Random Forest Regressor, Decision Tree Regressor, Bagging Regressor, and AdaBoost
Regressor.

6. Conclusion and Future Work

Energy efficiency has become a central concern in modern engineering due to its substantial
economic and environmental implications. Accurate prediction of heating and cooling loads plays
a crucial role in minimizing energy consumption and mitigating risks related to climate change.
This study demonstrated that machine learning (ML) algorithms can serve as effective tools for
forecasting thermal loads by analyzing key building characteristics such as geometry, insulation,
and glazing configurations. The results confirmed that ensemble-based approaches, particularly
Gradient Boosting and Bagging Regressors, significantly outperform traditional regression
techniques, achieving adjusted R? values exceeding 0.97 for both heating and cooling loads. These
findings underscore the reliability of ML-driven prediction models and their potential contribution
to energy-efficient building design. Beyond predictive accuracy, feature importance analysis
revealed that window-to-wall ratio and glazing distribution are dominant factors affecting thermal



performance. Nevertheless, our contribution is the contextualization of these insights inside a
replicable simulation framework specifically designed for Egyptian residential buildings. This
insight provides practical guidance for architects and engineers seeking to integrate energy-saving
considerations into the early stages of building design. Future research could extend this work in
several directions. First, applying the proposed framework to larger and more diverse real-world
datasets would enhance its generalizability. Second, incorporating temporal and climatic data
could improve model adaptability to varying environmental conditions. Third, hybrid approaches
that combine ML with physics-based simulations may yield more robust predictions. Finally,
exploring deployment in decision-support systems can bridge the gap between academic research
and practical applications in sustainable building design.
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