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Abstract

Optimizing energy consumption in buildings, as one of the requirements of sustainable development, requires accurate
prediction of heating and cooling loads for the optimal design and operation of energy systems. In this study, with the aim
of predicting and comprehensively comparing the performance of different modeling approaches in estimating heating and
cooling loads, a dataset of 768 residential buildings with eight geometric and physical properties as input variables and
heating and cooling loads as output variables was used. Prior to modeling, the dataset underwent descriptive and exploratory
statistical analysis, outlier detection, correlation analysis, and feature selection to identify the most influential predictors
and to address multicollinearity among input variables. Six modeling approaches spanning three distinct learning paradigms
were then developed and systematically compared: multiple linear regression, decision tree, Random Forest, extreme
gradient boosting (XGBoost), support vector regression (SVR), and an artificial neural network whose architecture and
hyperparameters were tuned through Bayesian optimization rather than manual trial-and-error. All models were trained and
evaluated under an identical train-test protocol, and their performance was assessed using six complementary metrics,
including the coefficient of determination, root mean squared error, mean absolute error, mean absolute percentage error,
and information criteria. The results showed that the tree-based XGBoost model achieved the highest prediction accuracy
among all models studied, with a coefficient of determination of 0.9988 for heating load and 0.9941 for cooling load,
followed closely by SVR and the Bayesian-optimized neural network, while linear regression, as the only parametric model,
exhibited comparatively lower out-of-sample accuracy. Feature importance analysis, cross-validated across four
independent algorithms, consistently identified overall height, relative compactness, and roof areca as the dominant
predictors of both loads. Additionally, residual analysis revealed a systematic increase in prediction error at peak-load
conditions across all six models. These findings demonstrate the strong capability of machine learning methods, particularly
ensemble and Bayesian-tuned approaches, to capture the complex relationships between building characteristics and energy
loads, supporting their use as reliable decision-support tools for energy-efficient building design.

Keywords: Heating load prediction, cooling load prediction, machine learning, XGBoost, sustainable development
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Histogram of Wall Area Histogram of Roof Area Histogram of Overall Height
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Box Plot of Relative Compactness.
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Wall Area vs Loads

vs Loads

Relative Compactness

Glazing Area Distribution vs Loads

Energy Load

01 03s

w5 b olpod 4 SaiSTy Hloged V¥ JSCh

oan

5 wlols Jlix! glalhs 5 &y polie waind slaosls

rall Height vs Loads

erail Height

Heating vs Coaling (by Height)

Correlation Heatmap of Building Energy Dataset
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Stage Description Objective
Data Collection Importing data from Excel Preparing the initial dataset for analysis

Missing Data Detection Identifying missing values

Missine Data Handlin Managing missing values using methods such as
g & mean imputation or other imputation techniques

Outlier Detection Identifying and removing outliers

Converting categorical variables into numerical
representations using methods such as One-Hot
Encoding or Label Encoding

Verifying data types and convelg;ing them when
necessary

Categorical Data Encoding

Data Type Checking

Preventing bias and reducing model
erTors

Ensuring data completeness and
reliability

Detecting observations outside the
expected range and improving model
accuracy and stability

Preparing the data for numerical
algorithms

Preventing data-processing errors



Stage Description Objective

Applying methods such as Min-Max Scaling or Z- Placing features on comparable scales and
Score Standardization improving model performance
Calculating the correlation matrix and identifying

Scaling and Standardization

Correlation Analysis highly correlated variables Reducing multicollinearity
. . I i del d reducin
Feature Selection Applying feature selection methods THIPTOVINg fmo .e aceutacy anc e &
model complexity
. o . . . Providi biased evaluation of
Train—Test Split Dividing the dataset into training and testing sets FOVIGLOE an tmbt
model performance
. . . ) Evaluating linear relationships between input Supporting appropriate model selection
Linear Relationship Analysis . . . . .
features and target variables and better interpretation of relationships
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First Third
Variable Minimum Quartile Median Quartile

Q1 (Q3)
RC -1.3629 -0.9139 -0.1339 0.8115
SA -1.7847 -0.8808 0.0232 0.9271
WA -1.6848 -0.5616 0.0000 0.5616
RA -1.4691 -1.0623 0.1582 0.9719
OH -0.9993 -0.9993 0.0000 0.9993
GA -1.7593 -1.0087 0.1173 1.2432
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Correlation with  Correlation with

Variable HL CL
X1 0.62 0.65
X2 —0.62 —0.65
X3 0.47 0.42
X4 —0.80 —-0.80
X5 0.86 0.86
X6 ~0 ~0
X7 0.32 0.29
X8 0.07 0.05
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Method

Null Hypothesis
Alternative Hypothesis

All data values come from the same normal population
Smallest or largest data value is an outlier

Significance level a=0.05
Grubbs' Test

Variable N Mean StDev Min Max G P
Relative_Compactness 768  0.76417 0.10578  0.62000 0.98000 2.04  1.000
Surface_Area 768 671.71 88.69 514.50 808.50 1.78 1.000
Wall_Area 768  318.50 43.63 24500 41650 225 1.000
Roof Area 768 176.60 45.17 110.25 220.50 147  1.000
Overall Height 768  7.5600  1.7511 3.5000  7.0000 1.00 1.000
Orientation 768 35000 1.1188  2.0000  5.0000 134 1.000
Glazing_Area 768  0.43488 0.18372 0.00000 0.66600 1.76  1.000
Glazing_Area Distribution 768 28125 15570  0.0000  5.0000 1.81  1.000
Heating_Load 768 22.307 10.090 6.010 43.100 2.06 1.000
Cooling_Load 768 24.558 9.513 10.900  48.030 246 1.000

* NOTE * No outlier at the 5% level of significance
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. Correlation with  Correlation with
Variable

HL CL
X1 0.622 0.634
X2 —0.658 —0.673
X3 0.456 0.427
X4 —0.862 —0.863
X5 0.889 0.896
X6 0.270 0.208
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Residual Plots for Heating_Load
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Feature / Metric Heating Load (HL)
Coefficient of Determination (R?) 95.17%

Adjusted R? 95.11%

Predicted R? 95.03%

MSE 4.023

RMSE 2.006 13
Residual Standard Deviation (S) 2.019

Cooling Load (CL)
91.48%

91.45%

91.38%

6.111

2.472

2.479



MAE 1.609 1.88

MAPE 8.31% 8.34%

AIC 986.92 1267.85

BIC 1027.83 1286.03

Model Significance (p-value) 0 0

(S)lg;l)lﬁcance of All Parameters (p < Yes Yes

Variance Inflation Factor (VIF) Maximum = 4.17 (Acceptable) Maximum = 1.08 (Excellent)
Residual Normality Approximately satisfied Approximately satisfied
Homoscedasticity Acceptable Acceptable

Error Independence

Reasonable and acceptable

Reasonable and acceptable
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