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Abstract

With the increasing energy consumption of buildings, accurate prediction of heating and cooling loads has become
essential for improving HVAC system performance and supporting efficient energy management. In this study,
the performance of eight machine learning algorithms, including Random Forest, XGBoost, Gradient Boosting,
Decision Tree, K-Nearest Neighbors (KNN), Support Vector Regression (SVR), Artificial Neural Network
(ANN), and Linear Regression, was comprehensively evaluated using three independent datasets comprising a
residential building (768 samples) and two office buildings located in the United States (64,792 samples) and
Denmark (55,029 samples). The first dataset was employed to validate the proposed framework against a reference
study. In addition, energy and exergy analyses were conducted to assess the building's energy performance. The
results demonstrated that Random Forest consistently achieved the best performance, with coefficients of
determination (R2) exceeding 0.95 across all datasets. Feature importance analysis identified indoor temperature,
outdoor temperature, relative humidity, and solar radiation as the most influential variables affecting thermal
loads. The proposed framework provides a practical approach for thermal load prediction, building energy
performance assessment, and intelligent energy management.

Keywords: Energy and Exergy Analyses, Air Conditioning, Random Forest, Dataset, Machine Learning’s
Algorithm
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Table 1. Input and Output variables of the first dataset (Residential building)

Parameters Feature Description Unit
X, Relative Relative compactness, which is the ratio of the building volume to the )
Compactness external surface area
X, Surface Area The total external surface area of the building (m?)
X3 Wall Area The total area of the external walls of the building (m?)
X, Roof Area The area of the roof of the building (m?)
Xe Overall Height The total height of the building er?eznrg;?und level to the highest point of (m?)
Xe Orientation The orientation of the building relative to the geographical directions -
X5 Glazing Area The total area of the windows of the building (m?)
X, Glfizir)g A_rea The distribution of the area of the Yvipdows on the different walls of the )
Distribution building
Y Heating Load Heating Load (kr\:lvzh)
Y, Cooling Load Cooling Load (kl‘r/lvzh)
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Table 2. Input and output variables of the second dataset (Office buildings)

Parameters Unit
Relative Humidity: LT Jsls ooni cash, (%)
External Relative Humidity: oL LT g0 (comd Cush, (%)
Temperature: -Ls,L1 Jsbs sles S
Out-Temperature: ;L LT ;g0 sl cC)

Dir-Solar: so s, peites (il W /m?
Heating Load: L5 L (W)
Cooling Load: sl b (W)
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Table 3. Input and output variables of the third dataset (Office buildings)

Parameters Unit

Relative Humidity: LT Jsls ound cagh, (%)
External Relative Humidity: ;LT ;950 (oo Cugb, (%)
Temperature: -Ls,L1 Jsbs sles cC)
Out-Temperature: ;L LT ;ygm sbeo %)
Cooling Load: il b kW)
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Table 4. Machine learning algorithms and hyperparameters used for the second and third

datasets
Algorithms Alglg);:)tehm Hyperparameters dataset (2) Hyperparameters dataset (3)
Linear Regression Linear fit_intercept = True fit_intercept = True
Random Forest Ensemble n_estimators = 100 max_depth = 12 n_estimators = 300
i i i i — Nestimators = 300
Gradient Boosting Boosting n_estimators = 100 max_depth = 7 learning rate = 0.05
Decision Tree Tree-based criterion = squared_error max_depth = Crlterllgn = squared_error




C=1.0 Kernel=RBF kernel = RBF
SVR Kernel-based epsilon=0.1 gamma=scale epsilon = 0.1,C = 1000,
Gradient Nestimators = 300
XGBoost Boosting n_estimators = 100 learning;,te = 0.05
Ensemble max_depth =7
KNN Distance-based k=5 n_neighbors = 5
weights = distance
Hidden Layers = (100,50)
Activation = ReLU
ANN Neural Output=Linear hidden_layer_sizes = (200,100,50)
ANN Network Optimizer=Adam max_iter = learning_rate_init = 0.001
«Batch Size=64 <Epoch=200 3000
Dropout=0.2
Early Stopping (Patience=10)
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Table 5. Results of validation of the heating load of the first dataset with the reference article

Algorithm MI\A’\VE,”'[(hIS RMV?&QNS R* kMAE kBV'I\t/ISE R*[11]
(wh (o thiswork | (57) [11] | (7) [11]
m? m?

Decision Tree 0.42 0.62 0.99 0.42 0.62 0.99
Random Forest 0.35 0.49 0.99 0.35 0.49 0.99
XGBoost 0.26 0.40 0.99 0.26 0.40 0.99
Linear Regression 2.18 2.92 0.91 2.20 3.04 0.91
SVR 4.23 5.65 0.69 4.23 5.65 0.69
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Table 6. Results of validation of the cooling load of the first dataset with the reference article

_ M'\A/\\IE;‘It(hIS RMViI)Er,kthls R MAE RMSE i
Algortm 1 | tiswork | GO | Epy | R0
m2 m2

Decision Tree 1.15 2.01 0.95 1.15 2.01 0.95

Random Forest 1.06 1.71 0.96 1.06 171 0.96

XGBoost 0.44 0.85 0.99 0.44 0.85 0.99

Linear Regression 2.19 3.14 0.89 2.19 3.14 0.89

SVR 3.96 5.35 0.69 3.96 5.35 0.69
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Table 7. Error metrics for heating load prediction of the second dataset

Algorithms MSE (W?) MAE (W) RMSE (W) R?
Linear Regression 256.28 13.22 16.01 0.26
Random Forest 5.85 1.36 2.42 0.98
Gradient Boosting 71.90 5.94 8.45 0.79
Decision Tree 7.14 0.79 2.67 0.97
SVR 150.22 6.91 12.29 0.56
XGBoost 17.40 2.74 4.17 0.95
KNN 15.44 2.40 3.93 0.95

ANN 78.88 5.14 8.88 0.77
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Table 8. Error metrics for cooling load prediction of the second dataset

Algorithms MSE (W?) MAE (W) RMSE (W) R2
Linear Regression 56.27 5.42 7.50 0.62
Random Forest 4.27 0.99 2.06 0.97
Gradient Boosting 23.32 3.17 4.83 0.84
Decision Tree 5.18 0.55 2.28 0.96
SVR 32.25 3.45 5.68 0.78
XGBoost 11.12 1.92 3.34 0.92
KNN 10.70 1.74 3.27 0.92

ANN 21.50 95.2 4.64 0.85
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Figure 1. Scatter plot of heating load for (a) training, (b) test, and (c) all data using Random
Forest algorithm
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Figure 2. Scatter plot of cooling load for (a) training, (b) test, and (c) all data using Random
Forest algorithm
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Figure 3. Feature importance of different variables for heating load using Random Forest
algorithm
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Figure 4. Feature importance of different variables for cooling load using Random Forest
algorithm
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Figure 5. Comparison of actual and predicted heating load using the Random Forest algorithm
over a 24-hour period
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Table 9. Error metrics for cooling load prediction of the third dataset

Algorithms MSE (kW?) MAE (kW) | RMSE (kW) R?
Linear Regression 2.12 1.13 1.45 0.70
Random Forest 0.28 0.35 0.53 0.96
Gradient Boosting 0.29 0.37 0.54 0.95
Decision Tree 0.38 0.37 0.61 0.94
SVR 0.84 0.61 0.91 0.88
XGBoost 0.30 0.38 0.55 0.95
KNN 0.03 0.03 0.18 0.99
ANN 0.32 0.40 0.57 0.95
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Figure 6. Scatter plot of cooling load for (a) training, (b) test, and (c) all data using KNN
algorithm
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Figure 8. Comparison of actual and predicted cooling load using the Random Forest algorithm
over a 24-hour period
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Table 10. Parameters used in energy and exergy analyses
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Parameters Value Unit Reference
w
Usan L5 () [18]
UWindow—single 5.55 (%) [21]
w
UWindow—double 1.95 (mzK) [21]
Awindow 111.30 (m?) [12]
Ayan 445.21 (m? [10]
f, — single 0.79 - [22]
f, — double 0.58 - [22]
T, (Summer) 295 (K) [12]
T, (Summer) 300 (K) [12]
T, (Winter) 294 (K) [12]
T, (Winter) 283 (K) [12]
T 5670 (k) [12]
w [12]
I (Summer 240
( ) (mvT/K)
. [12]
I (Winter 149
( ) (mz K )
(Npeopel) 10 - [12]
(Qpeopel) 75 (W) [12]
(Niamp) 20 - [12]
(Pramp) 100 (W) [12]
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Table 11. Energy analysis results

Season | T;i(K) | Window type | Qeonduction: (W) | Quvac W)
Summer | 295 | Single-glazed 6427.66 19728.90
Summer | 295 | Double-glazed 4424.26 14920.74
Winter | 294 | Single-glazed 14140.86 4840.30
Winter | 294 | Double-glazed 9733.38 2174.11
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Table 12. Exergy analysis results

Season T;(K) Window type Exy (W)
Summer | 295 Single-glazed 11178.7
Summer | 295 | Double-glazed 8288.67

Winter | 294 Single-glazed 7290.57

Winter | 294 Double-glazed 5354.56
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Figure 9. Variation of exergy destruction with indoor temperature during summer for single-
and double-glazed windows
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Figure 10. Variation of exergy destruction with indoor temperature during winter for single- and
double-glazed windows
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