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Cooling demand is a major component of building energy use in tropical climates. However,
estimating it during the early design stage remains difficult because courtyard geometry and
envelope characteristics interact in nonlinear ways. This study optimizes the hyperparameters
of a Multi-Layer Perceptron (MLP) model for cooling load prediction using five metaheuristic
algorithms: Genetic Algorithm (GA), Differential Evolution (DE), Particle Swarm
Optimization (PSO), Grey Wolf Optimizer (GWO), and Harris Hawks Optimization (HHO),
applied to three courtyard building configurations (L-shape, O-shape, U-shape) in Shah Alam,
Malaysia. The analysis used 8,535 samples generated through parametric IES Virtual
Environment (IESVE) simulations. Each algorithm was run five times, and model performance
was examined using seven statistical metrics together with a Friedman test. Across the reported
runs, GWO produced the highest mean test-set accuracy (R? = 0.5836; RMSE = 0.8106
kWh/m?), whereas DE showed the smallest run-to-run variation in R? (standard deviation =
0.0024). The Friedman test indicated differences in algorithm rankings (statistics = 13.44, p =
0.0093), although the five-run design limited the power of pairwise post-hoc comparisons.
Permutation importance identified window-to-wall ratio as the dominant predictor within the
available feature set. Per-shape evaluation showed very high accuracy for the L- and U-shaped
configurations but substantially weaker performance for the fully enclosed O-shape, where
repeated predictor combinations were associated with different cooling-load values. The
results therefore support the use of metaheuristic-tuned MLP models as an early-stage
screening surrogate for open courtyard configurations, while also highlighting the need for
additional geometric, envelope, and climate-related predictors before the approach is extended
to enclosed courtyard forms.

1. INTRODUCTION

humidity [2]. The increasing urbanization of Southeast Asian
cities, including those in Malaysia and Indonesia, has

The building sector is one of the largest consumers of
energy worldwide, accounting for approximately 40% of total
primary energy consumption in many developed and
developing nations [1]. In tropical climates, this issue is
particularly pressing because cooling systems operate year-
round due to persistently high ambient temperatures and
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accelerated the construction of buildings, many of which
incorporate traditional courtyard configurations as passive
design strategies [3]. Courtyards are well established as
architectural elements that moderate indoor thermal conditions
by promoting natural ventilation, shading, and daylighting [4].
However, the relationship between courtyard morphology and
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building energy performance is complex and nonlinear,
making accurate cooling-load prediction challenging at the
early design stage.

Conventional methods for estimating cooling load rely on
detailed energy simulation software such as EnergyPlus,
DesignBuilder, and IES Virtual Environment (IESVE) [5].
These tools require complete specification of building
geometry, envelope properties, and occupancy schedules,
which are rarely available during the conceptual design phase
[6]. As a result, energy performance is often evaluated only
after major design decisions have been finalized, limiting
opportunities to implement effective passive cooling
strategies. The disconnection between energy assessment and
early-stage design has been widely recognized as a critical
barrier to building energy efficiency improvement [7].

Machine-learning models offer a useful surrogate for this
carly-stage problem because they can learn nonlinear
relationships between a limited set of design variables and
energy outcomes. Artificial neural networks (ANNS), support
vector regression (SVR), random forests (RF), and decision
trees (DT) have all been applied to building-energy prediction
[8]. Among these, the Multi-Layer Perceptron (MLP) is
widely applied due to its universal approximation capability
and suitability for capturing nonlinear relationships between
input features and energy outputs. However, MLP predictive
performance is sensitive to hyperparameter selection,
including the number of neurons per hidden layer, the
regularization coefficient, and the learning rate. Suboptimal
hyperparameter settings can lead to underfitting or overfitting,
reducing the reliability of predictions [9].

Metaheuristic optimization provides one way to search for
this hyperparameter space without relying on gradient
information [10]. These algorithms are population-based or
trajectory-based search methods that explore the solution
space without requiring gradient information, making them
suitable for optimizing non-differentiable and multimodal
objective functions [11]. Several studies have integrated
mathematical algorithms with ANN or MLP models for
building energy prediction. Zheng et al. [12] applied a shuffled
complex evolution algorithm to optimize an MLP for cooling
load prediction and reported improvements in learning and
prediction accuracy exceeding 19% compared to a standard
MLP. Afzal et al. [13] compared multiple metaheuristic
optimizers including Satin Bowerbird Optimizer, Ant Lion
Optimizer, Slime Mold Optimizer, and Particle Swarm
Optimization (PSO) for predicting heating and cooling loads
using SVR and extreme gradient boosting. Mu et al. [14]
demonstrated that metaheuristic-optimized MLP models
trained with systematic data preprocessing achieved lower
prediction errors compared to models without preprocessing,
highlighting the importance of both algorithm selection and
data quality. Despite these advances, the literature has not
reported a comparative assessment of multiple algorithmically
diverse methods applied to courtyard building typologies in
tropical climates.

This study addresses this gap by evaluating five
metaheuristic algorithms from the evolutionary and swarm-
based optimization categories to optimize MLP
hyperparameters for cooling-load prediction. This study
investigates three courtyard building shapes: L-shape, O-
shape, and U-shape. These configurations represent common
courtyard typologies found in tropical regions and differ in
enclosure degree, spatial geometry, and exposure to solar
radiation. The dataset was generated from parametric energy
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simulations conducted in IESVE, covering 8,535
combinations of building morphology and envelope variables.
The objective function used during optimization is the mean
cross-validated RMSE on the training set, ensuring that the
selected hyperparameters generalize well to unseen data. Each
optimized model evaluated on an independent test set using
seven statistical metrics, and the statistical significance of
differences between algorithms was assessed using the
Friedman test across multiple independent runs.

The main contributions of this study are as follows:

(1) This work provides a comparative assessment of five
metaheuristic search strategies for tuning an MLP-based
cooling-load predictor for tropical courtyard buildings under a
common experimental framework.

(2) This work evaluates optimizer behavior using multiple
performance measures, convergence information, and
repeated stochastic runs rather than relying on a single
optimization run.

(3) This examines the influence of courtyard form in a
tropical context and identifies an important limitation in the
fully enclosed O-shaped subset, thereby clarifying where the
proposed surrogate is currently most dependable and where
additional design variables are needed.

2. MATERIALS AND METHODS

The methodology of this study consists of four main
components: (a) data preparation and description of the study
context; (b) description of the MLP model and its
hyperparameter search space; (c) description of the five
metaheuristic algorithms used for optimization; and (d)
performance evaluation framework. Figure 1 presents the
study’s overall workflow.

Input Dataset
(8535 samples)
Train/Test Split
+Scaling (70/30)

Set Initial MLP
Hyper-parameters

v

MLP Model Training
(evaluated via k-fold CV)

v

Metaheuristic Update Step:
GA/DE/PSO/GWO/HHO
(update candidate
hyperparameters)

Max
iteration
reached?

Final MLP
Refit on Full Train Set

Test Set
Evaluation

Statistical Validation
(Friedman + Wilcoxon)

Figure 1. The workflow of this study



2.1 Study context and dataset

The dataset was generated from parametric energy
simulations of courtyard buildings located in Shah Alam,
Selangor, Malaysia (3.07°N, 101.52°E) [15]. Shah Alam has a
tropical rainforest climate, with year-round temperatures of
approximately 23-35 °C, high relative humidity, and no
pronounced dry season. Under these conditions, cooling
demand is a central component of building-energy
performance and is therefore used as the target outcome in this
study.

This study investigated three courtyard building shapes: L-
shape, O-shape, and U-shape. These typologies were selected
because they represent the most common configurations of
courtyard residential buildings in the region and differ
substantially in terms of enclosure ratio, self-shading
potential, and courtyard microclimate. Energy simulations
were conducted using IESVE software, which has been
validated for tropical building energy modeling. A total of
8,535 simulation samples were generated across the three
configurations, comprising 1,536 samples for L-shape, 5,463
for O-shape, and 1,536 for U-shape. The dataset is therefore
imbalanced across courtyard shape, with O-shape accounting
for approximately 64% of all samples.

Eight input variables were considered, representing key
aspects of building morphology and envelope design. These
variables are building width (WIDTH), building length
(LENGTH), building height (HEIGHT), building orientation
(ORIENTATION), window-to-wall ratio
(WINDOWS RATIO), form factor (FORM_FACTOR),
surface-to-volume ratio (S_V_RATIO), and courtyard shape
encoded as a categorical variable (SHAPE). Table 1
summarizes the input variables and their respective ranges.
The target variable is the annual cooling load intensity
expressed in kWh/m?.

Table 1. Input variables and their ranges used in the
parametric simulation dataset

Variable Description Range
WIDTH Building width (m) 30.00-60.00
LENGTH Building length (m) 30.00-60.00
HEIGHT Building height (m) 8.00-16.00
ORIENTATION ~ Building orientation ., 5, 515 o
(degrees)
WINDOWS _RATIO Window-to-wall ratio 0.10-0.40
FORM_FACTOR Building form factor 0.77-1.89
S_V_RATIO Surface-to-volume 0.19-0.47
- = ratio (m™)
SHAPE Courtyard building Categorical: L,
shape U,0

Prior to model training, building orientation was encoded
using sine and cosine transformations to preserve its cyclical
nature. The categorical shape variable was encoded using one-
hot encoding, producing three binary indicator variables
corresponding to L-shape, O-shape, and U-shape. All
continuous input features were subsequently normalized to the
range [0, 1] using Min-Max scaling, with the scaling
parameters fitted exclusively on the training set to prevent data
leakage.

The dataset was divided into a training set (70%) and a test
set (30%) using stratified random sampling based on the
combination of WINDOWS RATIO and building shape,
yielding 5,974 training samples and 2,561 test samples.
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2.2 Multi-Layer Perceptron model

The MLP is a class of feedforward ANN consisting of an
input layer, one or more hidden layers, and an output layer
[16]. Each neuron in a hidden layer applies a nonlinear
activation function to the weighted sum of its inputs, enabling
the network to approximate complex nonlinear relationships
between input features and the target variable [8]. In this study,
the MLP architecture comprises three hidden layers with
rectified linear unit (ReLU) activation functions and a single
linear output neuron for regression. The network is trained
using the Adam optimization algorithm with L2 regularization
to mitigate overfitting. The objective function minimized
during training is the mean squared error (MSE) between
predicted and actual cooling load values.

An MLP model’s performance is strongly influenced by its
hyperparameters. Suboptimal values lead to either
underfitting, when the model lacks sufficient capacity, or
overfitting, when the model memorizes training data without
generalizing to new samples [8]. Five hyperparameters are
subject to optimization: the number of neurons in the first
hidden layer (n:), the number of neurons in the second hidden
layer (n2), the number of neurons in the third hidden layer (ns),
the L2 regularization coefficient (alpha), and the initial
learning rate (I;). Table 2 presents the search bounds for each
hyperparameter. The regularization coefficient and learning
rate are searched on a logarithmic scale to efficiently explore
multiple orders of magnitude.

Table 2. Hyperparameter search space for Multi-Layer
Perceptron (MLP) optimization

Lower Upper

Hyperparameter Bound Bound Scale
ni (neurons, layer 1) 8 128 Linear
n2 (neurons, layer 2) 8 128 Linear
n3 (neurons, layer 3) 4 64 Linear

alpha (L2 10° 10" Logio
regularization)
I; (learning rate) 10+ 10 Logio

2.3 Objective function

The objective function used to evaluate candidate
hyperparameter configurations during optimization is the
mean RMSE obtained from k-fold cross-validation on the
training set, defined as Eq. (1).

Objective = min(RMSE_CV) (1)

Here, RMSE CV denotes the average RMSE across the k
folds. Three-fold cross-validation (k = 3) with shuffled
partitions and a fixed seed was used so that all five
metaheuristic algorithms were evaluated against the same
objective. The optimization task was to identify the
hyperparameter configuration that minimized mean cross-
validated error on the training data. The final test partition was
kept separate from this objective function.

2.4 Metaheuristic algorithms

Five metaheuristic optimizers were evaluated, consisting of
Genetic Algorithm (GA), Differential Evolution (DE), PSO,
Grey Wolf Optimizer (GWO), and Harris Hawks Optimization
(HHO). The algorithms were not chosen to represent a single



family of algorithms or to imply that one method is universally
superior. Instead, the selection was intended to cover different
mechanisms for balancing exploration and exploitation. GA
and DE use evolutionary variation and selection. PSO updates
candidate solutions through individual and collective
experience. GWO uses a hierarchy-based population search,
and HHO alternates among exploration and exploitation
strategies according to the modeled escape behavior of the
prey. Using the same population size, iteration budget, MLP
architecture, and hyperparameter bounds provide a broadly
comparable basis for examining how these different search
strategies behave in the present cooling-load problem. Table 3
summarizes the settings used for each optimizer.

Table 3. Metaheuristic algorithms and their parameter

settings
Algorithm Category Key Parameters
Population = 20, Iteration = 20,
GA Evolutionary Crossover rate = 0.95, Mutation
rate = 0.025
Population = 20, Iteration = 20,
DE Evolutionary  Scaling factor F = 0.1, Crossover
rate = 0.9
Population = 20, Iteration = 20,
PSO Swarm ¢1=2.05,c2=2.05, w=0.4
Population = 20, Iteration = 20
GWO Swarm (parameter-free beyond
population size)
Modern bio- Population = 20, Iteration = 20
HHO S (parameter-free beyond
inspired

population size)

Note: GA = Genetic Algorithm, DE = Differential Evolution, PSO = Particle
Swarm Optimization, GWO = Grey Wolf Optimizer, HHO = Harris Hawks

Optimization.

2.4.1 Genetic Algorithm

GA is one of the most widely used evolutionary
optimization algorithms. It mimics natural selection by
evolving a population of candidate solutions through three
genetic operators: selection, crossover, and mutation. In each
generation, individuals are selected based on their fitness
value, which in this study corresponds to the cross-validated
RMSE. Selected pairs of parent solutions exchange genetic
information through crossover to produce offspring, and
random mutations are applied to maintain population
diversity. The process continues iteratively until the maximum
number of generations is reached.

2.4.2 Differential Evolution

This method was proposed as a population-based
evolutionary algorithm for continuous optimization. Unlike
GA, DE generates candidate solutions by computing vector
differences between randomly selected population members.
A mutant vector is created by adding the scaled difference of
two randomly chosen vectors to a third base vector, as
expressed in Eq. (2).

Vigr1 = X1 + F X (Xr26 — Xrs ) (2)
where F is the scaling factor that controls the magnitude of the
perturbation, and 7y, 72, and r3 are distinct randomly chosen
indices. A crossover operator then combines the mutant vector
with the target vector to produce a trial vector, which replaces
the target if it yields a lower objective function value.
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2.4.3 Particle Swarm Optimization

PSO is inspired by the collective movement of bird flocks
and fish schools. Each candidate solution, called a particle,
moves through the search space by updating its velocity based
on its own best historical position and the best position found
by the entire swarm. The velocity update equation is expressed
as Eq. (3).

Vity1 =
W Vi +Cp 1y (pbest,i - xi,t) tC 1y
: (gbest - xi,t)

3

where w is the inertia weight, ¢; and ¢ are cognitive and social
acceleration coefficients, and 7| and 7, are random values in
the range [0, 1].

2.4.4 Grey Wolf Optimizer

GWO is inspired by the leadership hierarchy and hunting
behavior of grey wolves. The population is organized into four
ranks: alpha, beta, delta, and omega wolves, corresponding to
decreasing levels of fitness. The positions of alpha, beta, and
delta wolves guide the movement of omega wolves toward
promising regions of the search space. This hierarchical
structure enables a balance between exploration in early
iterations and exploitation in later iterations as the pack closes
in on prey.

2.4.5 Harris Hawks Optimization

HHO proposed to mimic the cooperative hunting behavior
of Harris hawks in nature. The algorithm models different
hawk attack strategies based on the prey’s escape behavior.
These strategies include surprise pounce, rabbit-aware pounce,
hard besiege, and soft besiege, which are selected based on the
energy of the prey and a random probability parameter. This
diversity of strategies enables HHO to balance global
exploration in early iterations and targeted exploitation as the
algorithm converges.

2.5 Evaluation metrics

The performance of each optimized MLP model is
evaluated on the independent test set using seven statistical
metrics. These metrics collectively assess the accuracy, bias,
and agreement between predicted and observed cooling load
values. The coefficient of determination (R?) measures the
proportion of variance in the observed data explained by the
model in Eq. (4).

G — 90

Rz ~n .. o
Y (i = 9)?

=1 4)

The Root Mean Square Error (RMSE) measures the average
magnitude of prediction error using Eq. (5).

RMSE = (5

The Mean Absolute Error (MAE) represents the average
absolute deviation between predicted and observed values
using Eq. (6).
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The Mean Absolute Percentage Error (MAPE) expresses
prediction error as a percentage of observed values, calculated

by Eq. (7).
1 n
MAPE = —Z
n
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yi — Vi

x 100%

()

i

The Nash-Sutcliffe Efficiency (NSE) evaluates model
performance relative to the mean of observed values,
expressed as Eq. (8).

Yie (i — f’i)z

NSE =1-— =
(i — )2

)

Willmott’s Index of Agreement (d) quantifies the degree to
which predicted values approach observed values determined
using Eq. (9).

2= (i —f’i)z
2 (g =91+ 1y —yD?

d=1-

)

The Maximum Error (MaxError) captures the single largest
prediction deviation using Eq. (10).

MaxError = max|y; — ¥;| (10)

where y; is the observed cooling load, ¥, is the predicted

cooling load, y is the mean of observed values, and # is the
number of test samples.

2.6 Experimental setup and statistical validation

Each of the five algorithms was executed for five
independent runs with different random seeds to account for
the stochastic nature of metaheuristic search. The mean and
standard deviation of each evaluation metric across the five
runs are reported for each algorithm. Convergence behavior is
analyzed by plotting the best objective function value against
iteration number for each algorithm, averaged across the five
runs.

Statistical comparison of algorithm performance is
conducted using the Friedman test, which is a non-parametric
rank-based test suitable for comparing multiple algorithms
across multiple runs without assuming normality of the data
[17]. The Friedman test evaluates whether the observed
differences in RMSE rankings across algorithms and runs are
statistically significant. A significance level of a = 0.05 is
adopted. All experiments were conducted in Python using the
mealpy library (version 3.0.3) for metaheuristic optimization
and scikit-learn for MLP implementation.

3. RESULTS AND DISCUSSION
3.1 Dataset characteristics
Table 4 summarizes the dataset. Annual cooling-load

intensity ranges from 43.4962 to 49.2145 kWh/m?, with a
mean of 46.0419 kWh/m? and a standard deviation of 1.2616
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kWh/m?. The relatively narrow target range reflects the
constrained simulation space considered in this study. The
courtyard forms also differ in geometric descriptors such as
S V_ RATIO and FORM FACTOR, which is expected
because enclosure changes the relationship between exposed
surface area and building volume.

Table 4. Descriptive statistics of the dataset

Variable Min Max Mean Std
WIDTH 30.00 60.00 44.79 11.17
LENGTH 30.00 60.00 4447 11.16
HEIGHT 8.00 16.00 12.27 3.20
ORIENTATION 0.00 315.00 15830 103.29
WINDOWS RATIO 0.10 0.40 0.25 0.11
FORM_FACTOR 0.77 1.89 1.24 0.30
S V_RATIO 0.19 0.47 0.31 0.08
COOLING LOAD 4350 49.21 46.04 1.26

3.2 Convergence analysis

Figure 2 presents the convergence curves of the five
metaheuristic algorithms, showing the best cross-validated
RMSE achieved on the training set as a function of iteration
number, averaged across five independent runs. All five
algorithms show a general decreasing trend in the objective
function value across iterations, confirming that each
algorithm improves the MLP hyperparameter configuration
over successive iterations.

GA converged fastest, reaching a near-stable plateau by
approximately iteration 3—4. However, this rapid convergence
came at a cost: GA achieved the smallest total reduction in
objective value across the full search (0.00081), compared to
0.00198 for DE. This pattern suggests premature convergence,
where the population loses diversity too early, and the search
settles into a limited region of the hyperparameter space before
adequately exploring alternatives. This behavior is consistent
with the higher run-to-run variability observed for GA on the
test set, discussed in Section 3.3.

Table 5. Training CV-RMSE and hyperparameter
configuration of the best solution per algorithm (mean + std

over 5 runs)

Algorithm R(I\j/?]S_E ni nz n3 Alpha Ir
GA 0.1444 84 99 40 0.005370 0.009246
DE 0.1526 53 9 30 0.000021 0.000861
PSO 0.1469 28 44 34 0.001464 0.005137

GWO 0.1527 128 41 64 0.000549 0.010000
HHO 0.1462 110 105 17 0.026785 0.002594

Note: GA = Genetic Algorithm, DE = Differential Evolution, PSO = Particle
Swarm Optimization, GWO = Grey Wolf Optimizer, HHO = Harris Hawks
Optimization.

In contrast, DE, PSO, and HHO continued to improve
steadily well into the later iterations, with DE still showing
measurable gains as late as iteration 18. Averaged across the
five runs, DE achieved the lowest mean training RMSE
(0.1472), followed closely by HHO (0.1472) and PSO
(0.1473); GWO followed with 0.1474, while GA showed the
highest mean training RMSE (0.1480). Table 5 separately
reports the hyperparameter configuration of the single best-
performing run per algorithm (selected by test R?), which does
not necessarily correspond to the lowest training RMSE, since
the two are optimized on different criteria, cross-validated
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Figure 3. Boxplot distribution of coefficient of determination (R?) across five independent runs for each algorithm

3.3 Prediction performance on test set

Table 6 presents the mean and standard deviation of all
seven-evaluation metrics across five independent runs for each
algorithm on the independent test set. The results indicate that
GWO achieved the highest overall prediction accuracy, with
mean R? of 0.5836 + 0.0031, RMSE of 0.8106 + 0.0030
kWh/m?, MAE of 0.5821 + 0.0068 kWh/m?, MAPE of 1.2558
+ 0.0145%, NSE of 0.5836 + 0.0031, and Willmott’s d of
0.8540 £ 0.0044. These values indicate that the GWO-
optimized MLP predicts cooling load with the best overall
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accuracy among the algorithms evaluated, although with
modest absolute explanatory power (R? =~ 0.58), a limitation
discussed further in Section 3.7.

GWO and PSO consistently ranked among the top
performers across most metrics. Both algorithms are swarm-
based, meaning each candidate solution updates its position
using information from the best solutions found elsewhere in
the population. This shared-information mechanism likely
contributed to their stronger, more consistent performance
than the evolutionary algorithms (GA, DE) tested in this study.



Table 6. Test set performance metrics for each algorithm (mean + std over 5 runs)

Algorithm R? RMSE MAE MAPE (%) Max Error NSE Willmott’s d
oA ol Oolss 001 om1  olsa  ooin 0818200052
pe Goms o3 oo 00105 olsel oo 085520008
PsO Goss  omd o3 omls ol oo 081200047
Gwo oSl oo ooes  oous  olm  ogoy  OES0£0004
HHO ol 006 ois ooa ol oony 0845200067

Note: GA = Genetic Algorithm, DE = Differential Evolution, PSO = Particle Swarm Optimization, GWO = Grey Wolf Optimizer, HHO = Harris Hawks
Optimization, R*= coefficient of determination, RMSE = Root Mean Square Error, MAE = Mean Absolute Error, MAPE = Mean Absolute Percentage Error,
NSE = Nash-Sutcliffe Efficiency.
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GA showed the highest run-to-run variability in test R? (std
=0.0153), more than four times that of DE (std = 0.0024). DE
was the most stable and reproducible algorithm across
independent runs. Interestingly, GA and DE are both
evolutionary algorithms, yet they sit at opposite ends of the
stability range. Algorithm category alone does not explain this
difference. A more likely cause is GA’s crossover and
mutation operators, which tend to produce less consistent
exploration across different random initializations than DE’s
difference-vector mutation strategy.

Figure 3 shows the boxplot distribution of R? across five
runs for each algorithm. DE had the narrowest interquartile
range, again confirming its stability. GA had the widest
spread, suggesting its final solution quality depends more
heavily on the search’s random initialization.

Figure 4 presents the scatter plots of predicted versus
observed cooling load values for the best-performing
algorithm (GWO) on the training and test sets. The predicted
values closely follow the diagonal line of perfect agreement,
with no systematic over-prediction or under-prediction evident
across the range of observed values.

Figure 5 presents the residual analysis for the GWO model,
showing residuals plotted against predicted values and the
corresponding residual distribution. The residuals are
approximately symmetric around zero with no strong
systematic trend across the range of predicted values,
indicating the absence of major systematic bias in the model
predictions.

3.4 Feature importance analysis
To identify which design variables strongly influence

cooling load predictions, permutation feature importance was
computed for the best-performing model (GWO) on the test

set. Table 7 and Figure 6 present the ranked importance of each
input feature, measured as the mean decrease in R?> when the
feature values are randomly permuted.

Table 7. Permutation feature importance (AR?) for the best-
performing algorithm (GWO), ranked by mean importance
across 10 permutation repeats
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Feature Importance (Mean)  Importance (Std)

Window Ratio 1.0166 0.0222
Height 0.1010 0.0116
Length 0.0632 0.0040
Width 0.0584 0.0066
Shape U 0.0515 0.0045
Shape O 0.0364 0.0023
Shape L 0.0252 0.0033
S/V Ratio 0.0038 0.0010
Form Factor 0.0025 0.0020
Orientation (sin) -0.0024 0.0008
Orientation (cos) -0.0029 0.0006

The results show that WINDOWS RATIO

overwhelmingly dominates prediction accuracy, with
permutation importance more than an order of magnitude
higher than any other feature. Because R? is not bounded
below, permuting a dominant feature can drive model
predictions below a naive mean-based baseline, producing a
permuted R? lower than zero. For Window Ratio, the permuted
R? is approximately -0.4330 (0.5836 minus 1.0166),
confirming that a AR? exceeding the baseline R* is a
mathematically expected outcome of the permutation
procedure rather than a computational error. The dominance
of window-to-wall ratio observed here is consistent with
established building physics and prior simulation-based
studies. WWR directly governs solar heat gain through



glazing, which is the primary driver of cooling demand in
tropical and hot-humid climates. Li et al. [18] demonstrated a
near-linear increase in cooling-energy demand as WWR
increased from 0% to 100% in a coupled microclimate-
building energy simulation.

3.5 Statistical comparison

The Friedman test was applied to the RMSE values of all
five algorithms across five independent runs to assess whether
the observed performance differences are statistically
significant. The test yielded a Friedman statistic of 13.44 and
a p-value of 0.0093. Since the p-value is lower than the
significance level of 0.05, the null hypothesis that all
algorithms perform equally is rejected. This result indicates
that the observed differences in prediction accuracy among the
five algorithms are statistically significant, and that the
ranking of algorithms reported in Table 6 reflects genuine
performance differences rather than random variation. Post-
hoc Wilcoxon signed-rank tests comparing GWO against each
of the remaining algorithms showed a consistent directional
advantage for GWO, which outperformed DE, HHO, and PSO
in all five paired runs (p = 0.0625 for each comparison).
However, these pairwise comparisons did not reach the
conventional significance threshold individually, a limitation
attributable to the maximum achievable precision of the exact
Wilcoxon test at n = 5 rather than to a weak underlying effect.

3.6 Implications for early-stage building design

The results show that metaheuristic-optimized MLP models
can reliably predict cooling load for open courtyard
configurations at the early design stage. These configurations
comprise L-shape and U-shape. Predictive reliability for the
fully enclosed O-shape configuration remains constrained.
The dataset limitations discussed below explain this
constraint. The model requires only basic morphological and
envelope parameters. This information is typically available
before detailed design documentation is complete. The best-
performing model was optimized using GWO. This model
achieved an R? of 0.5836 on the independent test set. It
achieved an RMSE of 0.8106 kWh/m? on the same set. The
selected input features explain roughly 58% of the variance in
cooling load.

These findings carry practical value for architectural design
workflows. A trained MLP model can be embedded in early-
stage design decision support tools. Designers can use these
tools to quickly screen open courtyard configurations.
Designers can identify configurations with lower cooling
demand before committing them to a specific design direction.
This approach is faster than running a full energy simulation
for every design variant. It does not require specialist energy
modeling expertise from the designer.

This study examined three courtyard shapes. These shapes
are L-shape, O-shape, and U-shape. The shapes differ in
enclosure degree and self-shading capacity. Both factors
influence solar heat gain within the courtyard space. Both
factors also influence natural ventilation within the courtyard
space. O-shape is the fully enclosed configuration. O-shape
recorded the highest mean cooling load at 46.22 kWh/m?. U-
shape is the more open configuration. U-shape recorded the
lowest mean cooling load at 45.61 kWh/m?. This result runs
counter to a common assumption. The assumption holds that
greater enclosure reduces cooling demand through increased
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self-shading. A plausible explanation involves ventilation.
Full enclosure also restricts natural ventilation within the
courtyard. This restriction traps heat inside the courtyard. The
trapped heat would otherwise dissipate through -cross-
ventilation in more open configurations such as U-shape. The
dataset is also imbalanced across shape. O-shape comprises
64% of all samples. This imbalance may itself contribute to
the wider spread of cooling load values observed for O-shape.
The standard deviation for O-shape reaches 1.30. The standard
deviation for both L-shape and U-shape reaches only 1.11.
This finding suggests an interaction between courtyard
enclosure and ventilation performance. Solar exposure alone
does not capture this interaction. Section 3.7 makes the case
for incorporating airflow and ventilation-related variables in
future extensions of this dataset. This finding reinforces that
case.

Per-shape evaluation of the best-performing model on the
test set clarifies this imbalance further. L-shape is predicted
with high accuracy. L-shape reaches an R? of 0.9913 and an
RMSE of 0.1042 kWh/m?. U-shape is also predicted with high
accuracy. U-shape reaches an R? of 0.9883 and an RMSE of
0.1213 kWh/m?. O-shape is predicted with substantially lower
accuracy. O-shape reaches an R? of only 0.3892 and an RMSE
of 1.0048 kWh/m?. This disparity traces to the underlying
dataset rather than to model capacity or training imbalance.
The O-shape subset contains 1,514 unique combinations of the
seven geometric input features. Among these, 1,481
combinations correspond to multiple samples with differing
cooling load values. The pooled within-combination variance
accounts for approximately 79% of total O-shape target
variance. This finding is consistent with the correlation pattern
between window-to-wall ratio and cooling load. This
correlation reaches 0.97 for both L-shape and U-shape. This
correlation reaches only 0.55 for O-shape. These results
indicate a missing geometric degree of freedom specific to the
fully enclosed configuration. The internal courtyard aperture
dimension most plausibly represents this missing factor. The
present input features do not capture this factor. This gap
imposes a data-driven ceiling on achievable predictive
accuracy for O-shape. This ceiling is independent of model
architecture or hyperparameter tuning. Predictive claims
regarding this MLP-based approach should therefore be
scoped to open courtyard configurations. These configurations
comprise L-shape and U-shape. This scope should hold until
an aperture-related predictor can be incorporated for the fully
enclosed case.

The absolute range of cooling load in this dataset is also
narrow. This range spans 43.50 to 49.21 kWh/m?. The
standard deviation reaches 1.26. This narrow range constrains
the practical magnitude of difference an R? of 0.58 can
represent. In absolute terms, however, the best-performing
model achieves an RMSE of 0.81 kWh/m?. This RMSE
corresponds to approximately 14% of the observed range. This
magnitude remains practically informative for comparative
design screening. R? itself appears modest despite this.
Differences in R2? at the third decimal place between
algorithms should therefore be interpreted carefully. GWO
reaches 0.5836. PSO reaches 0.5772. These differences
indicate relative algorithm consistency. These differences do
not indicate meaningfully different real-world prediction
accuracy. Section 3.5 reports the Friedman and Wilcoxon
tests. These tests address this distinction directly. These tests
examine rank consistency across runs. These tests do not
examine the practical magnitude of difference between



algorithms.

The best hyperparameter configurations identified for
several algorithms also reached the boundary of the defined
search space. GWOQO’s optimal number of neurons in the first
hidden layer reached 128. GWO’s optimal learning rate
reached 0.01. Both values correspond to the upper bounds
reported in Table 2. This raises the possibility that better-
performing configurations exist outside the explored range.
The present search already incurred substantial computational
cost. Section 2.6 describes this cost. The search space was not
extended further in this study. This saturation is instead noted
here as a limitation. Future work should verify whether
relaxing these bounds yields additional accuracy gains.

3.7 Beyond window-to-wall ratio: Toward a more
comprehensive cooling load model

In general, cooling loads in tropical regions are strongly
influenced by design and non-design factors. Non-design
factors such as occupancy level, occupancy behavior, and
building function can only be determined effectively during
operation. However, design factors such as window design,
building facades, and material types can influence architects’
design decisions [19]. This decision is especially insightful
when supported by early cooling-load estimates before
construction starts. It also aligns with this study’s finding, as
shown in Figure 6, that the most important feature influencing
courtyard building cooling-load prediction is the WWR.
Because design factors are so important, future studies should
explore combinations of design factors, including WWR
ratios, glazing types and specifications, building envelope
properties, color, and shading, to generate lower cooling-load
predictions.

In addition, extending the prediction with hourly historical
climate and outdoor temperature data measured specifically in
the Shah Alam microclimate will provide more accurate
estimates and support solid design decisions. Extending the
dataset in this direction would allow future metaheuristic-
optimized models to unravel the relative contributions of
morphological design decisions (the focus of the present
study) from envelope material to climate-driven factors. This
will provide architects and building designers in regions with
comparable tropical contexts with a more complete, physically
grounded basis for early-stage cooling load estimation.
Furthermore, direct comparison between the courtyard-shape-
driven design strategies and retrofits involving building’s
envelope-level interventions (e.g., low-SHGC glazing,
external shading) is not possible within the scope of the
present dataset. Thus, metaheuristic-optimized MLP models
can help support informed design decisions in the future.

3.8 Economic implications of metaheuristic-optimized
early-stage prediction

Beyond its technical contribution, the practical value of a
metaheuristic-optimized MLP model for cooling load
prediction lies in its potential to reduce the cost and time
associated with early-stage building energy assessment.
Detailed dynamic energy simulation using tools such as
IESVE typically requires substantial input preparation,
computational runtime, and specialist expertise, incurring
direct consultancy costs that are often difficult to justify for
architects and developers during the conceptual design phase,
when multiple design alternatives are still being compared
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under tight budget and schedule constraints. The trained MLP
model developed in this study produces a cooling load
estimate in a fraction of a second once optimized, compared
with the substantially longer setup and computation time
typically required for a single detailed simulation run in
dynamic energy modeling software [20]. This order-of-
magnitude reduction in evaluation time and required expertise
lets developers and design teams screen far more courtyard
configurations within the same design timeline and
consultancy budget, potentially reducing the direct cost of the
design exploration phase and enabling earlier identification of
lower-cooling-load design options before capital-intensive
detailed design work begins. Because cooling load is directly
proportional to ongoing HVAC operating expenditure over a
building’s service life, design decisions informed at this early,
low-cost screening stage carry disproportionate downstream
economic value relative to their marginal assessment cost, as
design changes become progressively more expensive to
implement as a project moves toward construction
documentation.

4. CONCLUSIONS

This study compared five metaheuristic optimizers for
tuning an MLP model used to predict cooling-load intensity
for tropical courtyard buildings. The comparison was designed
to examine different search mechanisms under a common
MLP architecture and broadly comparable optimization
settings. Using 8,535 parametric simulation samples and five
stochastic runs per optimizer, GWO produced the highest
mean test-set R? of 0.5836, and the lowest mean RMSE of
0.8106 kWh/m?2. Meanwhile, DE showed the smallest run-to-
run variation in R? with 0.0024 std. The Friedman test
indicated overall differences in algorithm rankings (p =
0.0093), but the five-run design limited the strength of
pairwise inference, and the small absolute differences among
the leading optimizers should not be overstated. Permutation
importance identified WWR as the dominant predictor among
the recorded features. More importantly, the per-shape
analysis showed that predictive performance was very high for
the L- and U-shaped configurations but substantially weaker
for the fully enclosed O-shape, in which repeated
combinations of predictors yielded different cooling-load
values. This pattern indicates missing information in the
current feature set and supports the inclusion of additional
courtyard geometry, glazing, shading, airflow, and climate
variables in future datasets. The present model is therefore best
viewed as an early-stage screening surrogate for the open-
courtyard configurations represented in the data, rather than as
a replacement for detailed simulation or a universally
transferable predictor. Future validation should also use
grouped or repeated outer splits that keep identical design
combinations together, select hyperparameters without
reference to the test set, and use more stochastic runs before
drawing stronger conclusions about differences among
optimizers.
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