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ABSTRACT

This study addresses the challenge of modeling spatio-temporal climate data that are often
affected by outliers, which significantly bias conventional principal component analysis. The
main contribution of this research is not merely the application of Spatio-Temporal Principal
Component Analysis (STPCA), but its novel integration with the Fast Minimum Covariance
Determinant (FASTMCD) method to obtain robust spatio-temporal components that are resilient
to outliers in Bali’s climate data. The core methodology involves transforming four climate
variables (thermal comfort, cloud cover, rainfall, and wind speed) from 24 stations in Bali (2010—
2019) using Fourier basis expansion, applying spatial weighting, and utilizing robust covariance
estimation via FASTMCD. The results indicate that the Inverse Power Distance (IPD) weighting
scheme optimally captures the spatial structure. Furthermore, the first robust principal
component (STPC1) reveals the dominant climate variability, which is driven primarily by
thermal comfort and wind speed. This component successfully highlights a clear spatial
differentiation between coastal lowland and highland regions despite the presence of extreme
observations. These findings imply that the robust STPCA-FASTMCD framework provides a
highly stable representation of regional climate patterns, offering a reliable analytical tool for
developing climate comfort indices and supporting climate-informed tourism planning in tropical
regions.
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1. INTRODUCTION

Studies on climate comfort and climate variability have been widely conducted using multivariate
statistical approaches, including Principal Component Analysis (PCA). However, a significant scientific gap
remains: while studies on climate comfort already exist, none have used a spatio-temporal robust approach
based on STPCA- Fast Minimum Covariance Determinant (FASTMCD) with an evaluation of several spatial
weight matrices. The novelty of this research lies in integrating STPCA with FASTMCD to produce principal
components that are robust to outliers, testing different spatial weight matrices to identify the most suitable
structure for climate data, and reconstructing a climate comfort index tailored to Bali’s tropical conditions,
which has not been addressed in previous studies.

Most existing studies rely on standard PCA or its extensions without explicitly accounting for the
spatio-temporal structure of the data and the presence of outliers, which are common in climate observations.
Data dimension reduction is one of the main functions of the multivariate method PCA, which reduces data
by forming linear combinations of variables. These linear combinations assign optimized weights to each
variable in the dataset, thereby resulting in lower-dimensional data [1]. The STPCA method is an extension
of the PCA method, which is applied to data with spatial and temporal components. STPCA is capable of
reducing variables and shows hidden patterns in various spatio-temporal datasets [2]. Given these functional
characteristics, climate data are exceptionally well-suited for analysis via STPCA, as climate variables evolve
continuously over time and exhibit spatial dependence across locations. However, several methodological
considerations may influence the analytical outcomes.

Several factors can influence the outcomes of an STPCA. The first is the data processing stage, as
simultaneous processing steps may alter the final results. This is because STPCA methods have two key
stages: the transformation of time series data into multivariate functional data and the subsequent construction
of the STPCA components. The second factor is the scale of the variables, as data measured on a ratio scale
is known to yield more reliable reduction results. The third factor is the determination of an appropriate spatial
weight matrix that is suitable for the characteristics of the research data [2]. Another factor is the choice of
rotation, either orthogonal or oblique [3]. Despite these considerations, most STPCA applications assume
spatio-temporal structures unaffected by outliers, which is often unrealistic in climate data.

The determination of the weight type strongly depends on its relevance to the research discipline [4].
For climate research, especially when it involves rainfall data variables, the most suitable spatial weight
matrix is the K-Nearest Neighbors (KNN) [5]. Meanwhile, when it involves wind speed data variables, the
best weight matrix is the inverse power distance (IPD) matrix [6]. Accordingly, climate data reduction using
STPCA requires testing with several spatial weight matrices, such as KNN and inverse power distance.
Spatial weighting schemes are widely used, but their systematic evaluation in climate studies with robust
spatio-temporal methods remains limited.

Climate data often contain outliers, which can substantially affect the decomposition of the variance—
covariance matrix in multivariate methods such as PCA. Because PCA relies on covariance structure, extreme
observations may exert disproportionate influence, leading to inflated eigenvalues and distorted loading
patterns, so that the resulting principal components reflect isolated extreme events rather than the dominant
variability of the dataset [7]. In climate-related studies, such outliers frequently correspond to extreme
meteorological events, including heatwaves, prolonged droughts, or intense rainfall episodes, which are
critical phenomena but may bias the representation of general climate patterns [8]. Hence, it is necessary to
reconstruct a robust variance—covariance matrix. FASTMCD was chosen over other robust methods because
it is an efficient modification of the MCD estimator that can be combined with the Projection Pursuit (PP)
method, and when applied within PCA, it produces principal components that are resistant to outliers and
better represent the underlying structure of the data [9].

The practical benefit of these robust results is significant for tropical environments. This study will be
applied to climate data used in constructing a climate comfort index, which will measure how atmospheric
or climatic physical conditions affect human beings [10]. This index approach is used because weather and
climate variables are highly diverse, and also to minimize differences in perceptions of climate comfort. There
are several types of indices commonly used to measure climate comfort, which are: Heat Index (Humidex),
Temperature Humidity Index (THI), Tourism Climate Index (TCI), and Holiday Climate Index (HCI). TCI
and HCI climate comfort indices, in particular, were developed to support tourism activities. These two
indices are commonly known to have a weight system and an objective rating system based on surveys that
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were conducted among tourists in subtropical regions. Therefore, when these indices were going to be applied
in regions with different climate types, they required further adjustment and analysis [11].

One of the leading tourist destinations in Indonesia is Bali, and to maintain tourist arrivals in Bali, one
of the efforts that was done is to provide information on climate comfort indices for tourism activities. Climate
comfort indices are affected by the frequency of extreme weather events. The data shows that from 2010 until
2019, the frequency of extreme temperatures increased by 10% compared to the normal average conditions
that were recorded from 1961 to 1990 [12]. In addition, from 2010-2019 represented a normal period of
tourist arrivals prior to the COVID-19 global pandemic. After COVID-19 was declared in Indonesia in March
2020, the number of tourist arrivals in Bali decreased by 50% [13]. This declining amount of tourist arrivals
was even more pronounced in subsequent months, continuing until 2022. Therefore, this study uses data from
2010-2019.

Drawing from the above background, this study is conducted to determine the optimal spatial weight
matrix (KNN and IPD) for reducing climate data by using the STPCA-FASTMCD method and to group
regions in Bali based on the derived STPCA-FASTMCD climate comfort index. The novelty of this research
lies in integrating STPCA with FASTMCD to produce principal components that are robust to outliers, testing
different spatial weight matrices to identify the most suitable structure for climate data, and reconstructing a
climate comfort index tailored to Bali’s tropical conditions, which has not been addressed in previous studies.

2. RESEARCH METHODS

2.1 Research Data

The data used in this research were obtained from two resources, which were obtained from two
sources: secondary in situ weather observation data from BMKG stations in Bali and ERAS reanalysis data.
European Centre for Medium-Range Weather Forecasts (ECMWF). Reanalysis data are the result of data
assimilation from global observation data, including synoptic observations, upper-air measurements, and
remote sensing data, which are then compiled into three-dimensional datasets based on the latest global
climate models [14]. This data serves as a proxy to be used in research conducted at locations without in situ
observations. The weather observation was conducted at 24 locations, which are: 3 BMKG offices (I Gusti
Ngurah Rai Meteorological Station, Denpasar Geophysics Station, and Bali Climatological Station), 1
synoptic observation post (Kahang Kahang Post), and 20 rainfall measurement posts. The complete location
details of the climate observation sites are presented in Fig. 1.

Kubu Tambahan A

BMKG Station Observatory ampalan
() Synoptic Observatory
® Rain Gauge

[ Bali

Figure 1. Climate Observation Sites in Bali
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The variables that were used in this study consist of four parameters (p = 4), which were: thermal
comfort (TC), cloud cover (A), rain rate (R), and wind speed (W). All variables were based on a monthly
average from January 2010 until December 2019. To clarify the analytical framework, the initial data is
structured on a monthly basis across a temporal dimension of T = 120 months for each of the n = 24 spatial
stations. This forms an initial three-dimensional data structure of n X p X T. The data period corresponds to
a 10-12-year (decadal) dataset, which has the same analysis result and prediction as the 30-year dataset
(standard normal data). Both decadal and standard normal datasets are updated every 10 years [15]. The
selection of these four variables is fundamentally driven by the HCI framework, a globally recognized
standard for evaluating climate comfort in tourist destinations. Within this framework, air temperature and
relative humidity are integrated into a single TC variable to measure heat stress and prevent multicollinearity,
while A, R, and W represent the essential aesthetic and physical facets of outdoor tourism, making this
configuration highly representative for classifying climate comfort in Bali. The complete list of variables is
presented in Table 1.

Table 1. Research Variables Table

Variable Symbol Unit Scale

Monthly Average Thermal Comfort (TC) X1 Celcius Interval
Monthly Average Cloud Cover (A) X, Percent Ratio
Monthly Average Rain Rate (R) X3 Millimeter per day Ratio
Monthly Average Wind Speed (W) X4 Kilometer per hour Ratio

2.2 Research Stages

1. Establish the analytical framework and mathematical notation to ensure consistency throughout the
analysis. The sequence of transformations is defined by the following matrix: the original observed data
matrix (X); the standardized data matrix (X"); the number of significant bases (B); the resulting basis
coefficient matrix (4); which serves as the input for robust analysis; the spatial weight matrix (W); and
the final spatio-temporal matrix (C). The core STPCA is executed on the basis of the coefficient space
rather than the raw observations.

2. Obtain the necessary data for the analysis, which consists of maximum temperature, relative humidity,
cloud cover, rainfall, and wind speed data from BMKG and ECMWF.

3. Perform data preprocessing, which consists of missing data imputation using the K-Nearest Neighbors
(KNN) method with k = 12, outlier identification with Mahalanobis distance calculation, and data
standardization.

4. Transform temporal data into Fourier basis functional data and determine the optimal number of Fourier
bases (By,) using the Bayesian Information Criterion (BIC).

5. Construct the basis coefficient matrix (4) with dimensions n X (p X By41), the spatial weight matrix
KNN (W k) With dimensions n X n, Inverse Power Distance (IPD) matrix withr = 3 (W;pp »3), and
IPD Wlth r = 4’ (WIPD T4)'

6. Calculate Moran’s | spatial autocorrelation values based on the three spatial weights.

7. Determine the optimal subset size (h) using FASTMCD, and calculate outlyingness with the Stahel-
Donoho index on matrix A, to identify outlier locations. Operationally, the h-subset is determined by
retaining the h spatial locations that have the smallest robust distances. The mechanism for identifying
location outliers involves projecting the data onto multiple directional vectors

8. Construct the robust basis matrix A,,pys: With dimensions h X (p X By.1), three types of robust spatial
weight matrix W,.,p,s¢: With dimensions h x h, and the robust spatio-temporal matrix C,,p,s With
dimensions (p X Bxy+1) X (p X Bry1). The robust spatial weight matrix (W, opuse) IS formed
operationally by deleting the rows and columns corresponding to the identified outlier locations from
the original spatial weight matrix (W). This ensures that extreme locations are completely removed and
do not distort the spatial dependency measurements.
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9. Decompose the robust spatio-temporal matrix (C,,pyst) @and compute the loadings and spatio-temporal
principal components (STPC*and STPC ™).

10. Compare the eigenvalues of STPCA-FASTMCD across the three types of spatial weight matrix and
determine the best spatial weighting scheme.

11. Interpret the results and classify the climate comfort index in Bali based on STPCA-FASTMCD.

2.3 Data Preprocessing

The data preprocessing stage consists of missing data imputation using KNN, outlier identification
through Mahalanobis distance calculation, and data standardization. The KNN imputation procedure begins
with determining the number of nearest neighbors (k), followed by computing the Euclidean distance (d;;)

using Eq. (1).
» 1
2\2
dij = (z (Yix — ¥jx) ) , (D
k=1
with:
Vik : value of the k-th at location i;
xp : value of the k-th at location j;
D : number of variables.
While referring to the Euclidean distance values, the next step is the imputation of KNN x; calculation using
Eq. (2), where wy = — [16],
ij

9?,' _ Zlk(=1 Wk Vik
leg=1 Wy
After obtaining the imputed missing data, the mean value (u,) is calculated. This mean is then compared with
the mean prior to imputation (i) using the Z-test.

(2)

Hy : uy = py (No difference in means); while
Hy : puq # uy (There is a difference in means),
with a significance level of a (0.05).

The null hypothesis (H,) is accepted at the significance level a if |Z| < Z,_a which indicates that there is
2

no difference between the mean values before and after imputation. Meanwhile, the null hypothesis (Hy) is
rejected if |Z| > Z,_a which indicates there is a difference between the mean values before and after
2

imputation.

One of the commonly used methods to detect multivariate outliers is the Mahalanobis distance [17].
The Mahalanobis distance calculation d? is given in Eq. (3). Outliers are identified if the Mahalanobis
distance calculation result exceeds the threshold of the Chi-Square distribution [18]. If the Mahalanobis
follows the Chi-Square distribution, the data are not outliers.

di = —wW'y ' (x — ), (3)
With:
x; :random vector at the i-th observation;
U : mean vector;
Y’ . covariance matrix.

The scaling process is one of the preprocessing steps in modeling, one of which is data standardization.
Data standardization is the process of rescaling with a mean value of 0 and a standard deviation of 1 [19].
Since climate variables have different units (for example, temperature in degrees Celsius, rainfall in mm/day,
and wind speed in km/h), standardization is required according to Eq. (4).

xije' = (xije — 15)/0; (4)
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With:

x;j¢' - the standardized value in locations i-th, variable j-th, times ¢t-th;
pj - mean population in variable j-th;

oj : standard deviation of the population in variable j-th.

2.4 Fourier Basis Functional Transformation and Basis Function Coefficients

The transformation of temporal data into functional data aims to project the data into a functional space
that is defined by an orthonormal basis. This process also needs the selection of basic function systems, such
as Fourier, Spline, Wavelet, and others. The final result of this transformation is multivariate functional data
(MFD), in which each variable is measured as a continuous function over time according to Eq. (5).

Yi(t) = Xh=o @rp P (0). (5)
With:
y;(t) :variable i-th as time function t;
@, basic function coefficient estimation in variable k-th and b-th basis;
¢, (t) : basic function vector Fourier in b-th basis;
B : number of significant bases.

This research uses a Fourier basis, where there are three criteria for basis functions according to Eg. (6), with
b is basis and T is the total time period.

1
Po(t) = ﬁ'
2  2mbt
¢p () = ¢Pap-1(t) = \/; sin T (6)

N = 2 2mht
$ap() = [5cos .

Significant basis value B affect the smoothness level of the functional data. The smaller the B value,
the greater the degree of curve smoothing. The optimal value of B (B;) would be determined by comparing

the Bayesian Information Criterion (BIC), where BIC = In (Z’,ﬁzo(yk — X8 @b Dk (t))z) + (B +
1
1) (55) [20].

As aresult of this transformation, the basis function coefficient vectors («) is derived. These coefficient
vectors are combined to form matrix A = (a4, a3, as ... a,). Matrix A as defined in Eq. (7), serves as input
to construct the spatio-temporal matrix. In matrix A, n represents the number of observations/locations, p
represents the number of variables, and By, represents the number of optimal basis functions.

@1(1.0) F1(1.1) - @1(1Bryy)  ®2(1.0) 7 Ap(1Bpyq)
@12.00 X1(21) - A12Brer)  ®2(20) 7 Ap(2.Bpyr) )
Moy WD 7 AUmBe) P20 BB px,)

2.5 Spatial Weight and Autocorrelation Moran’s | Test

Spatial weight matrix (W) in Eq. (8), will determine the number of primary components in STPCA.
The order of matrix W is n x n, where n represents the number of observations/locations. Some of the spatial
weight matrix methods that are commonly used in spatial analysis are KNN and IPD. Spatial weight in the
KNN method is strongly influenced by the choice of k as described in Eq. (9). It is known that the number of
the nearest neighbors k could be determined by calculating the square root values from the overall number
of observation data [21].
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0 wp Win
W O e W
Wi = 21 - Zn ) ®
Wni Wnz2 = 0 nxn
_ (1, ifj €k
Wij = {O, other ©)

The IPD spatial weight is a variation of power distance, where this weight will give a larger spatial
effect to the nearest point. Meanwhile, for points that are farther apart, the spatial effect is smaller. This is
based on the inverse power relationship with distance [22]. The optimal distance decay parameter for a small
dataset (<19 data) is 2, whereas for a larger dataset (>25 data) the optimal distance decay parameters are 3
and 4 [23]. This distance calculation is performed using Euclidean distance formula, as fully presented in Eq.
(10).

1

Wi = — . 10
ij dirj ( )
Spatial autocorrelation could be calculated using various methods that evaluate to which extent an
attribute value tends to be correlated or clustered geographically. These measurements are divided into two
types: global and local. Global autocorrelation provides an overview of spatial association patterns across the
same area, meanwhile local autocorrelation focuses on the specific relationships between a unit and its
neighboring units [24]. One of the statistical methods commonly used to measure spatial autocorrelation and
suitable for STPCA application is Moran’s I. The equation for Moran’s | index with standardized weight in
Eq. (11) with n represents number of locations, x’ represents mean variable value across all locations, x'ije
and x'y j are the variable values at locations i and k respectively. The Moran’s I index ranges from -1 (perfect
negative autocorrelation) to 1 (perfect positive autocorrelation). Values I > 0 indicate positive spatial
autocorrelation, meaning the data exhibit clustering, while values of I < O indicate negative spatial

autocorrelation, meaning the data are dispersed [25].

; (J_C) B n iy X wii (e — %) (X je — %) (11)
— L2 _
f=1 Zic=1 Wik (e — 3¢

2.6 STPCA-FASTMCD Application
The first step to the STPCA-FASTMCD application is to construct a spatio-temporal matrix (C) with

an order p X p, as shown in Eq. (12).
n -1
C= (Z w; j> ATWA. (12)
ij=1

However, since matrix C is sensitive to outliers; an approach is needed to ensure the FASTMCD method is
robust. The FASTMCD method combines two key concepts: the measurements of outlyingness and the
FASTMCD algorithm to produce robust principal components. The process begins with selecting a data
subset (h) through the parameter a which ranges between 0.5 and 1 as shown at Eq. (13). The next step
involves calculating outlyingness according to Eq. (14) [26].

h = max(a,, |(n+p+1)/2)]), (13)
0(x) = maxyep (|6 v — By cpXi V| [Suep (2] v))- (14)
With:
n : number of observations;
p : number of locations;
0(xy) : outlyingness value of vector xy;
V EB : set of directional vectors;
Xy : the k-th observation being evaluated for outlyingness;
X; : the i-th observation (i = 1,2,3 ...n);
v : directional vector considered significant;

Avep : robust mean estimate using MCD;
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Swco : robust standard deviation estimate using MCD.

The application of FASTMCD results in the identification of outliers according to the h-subset criterion
in matrix A, producing the robust matrix A,,pys¢- The same process also applies to the matrix W, resulting
in the formation of a robust spatial weight matrix W .,,.s:- Consequently, the robust spatio-temporal matrix
Copust 8S shown in Eq. (15).

N -1 T
Crobust = (Zij=1 Wij) Arobust Wrobust Arobust (15)

Decomposition matrix C,,pyuse Produces the eigenvalues (y) and eigenvectors (w) of STPCA-
FASTMCD using the relationship Copyust @ — Y@ = 0. The decomposition results in two types of spatio-
temporal loading vectors: the positive eigenvector of order g (wz;) and the negative eigenvector of order
(wg). These eigenvectors are derived from the corresponding positive and negative eigenvalues. They are
then used to calculate principal spatio-temporal component values at each location. The spatio-temporal
principal component values for the positive and negative eigenvectors of order g with dimension k x 1 and
the basis function coefficients at location p with also dimension k x 1 and both are formulated in Egs. (16)
and (17).

STPCS, = (w3,) ey

STPChy = whap + whay, + - 0l (16)
STPC;, = (w3y) @y
STPCyq = Wq1p1 + Wpp@p2 + *+* WapApp (17)
With:
STPC;, :positive spatio-temporal principal component score of order g at location p;
STPC,, :negative spatio-temporal principal component score of order q at location p;
Wy : positive spatio-temporal eigenvector of order g for the b-th basis;
Wy : negative spatio-temporal eigenvector of order g for the b-th basis;
app : basis function coefficient at location p for the b-th basis.

2.7 Quality Measure of STPCA-FASTMCD Eigenvalues

The total amount of eigenvalues from the STPCA-FASTMCD method could not be interpreted in the
same way as in classic PCA. Therefore, a specific quality measure is used, which is based on the comparison
of the two largest eigenvalues to the total of all positive and negative eigenvalues [2]. This measure is referred
to as the eigenvalue quality measure, defined by Egs. (18) and (19).

+ 4yt
mr =Y 00y, (18)
i=1Vi
I+ lys
M- = (h/ll—ly_zl) x 100%. (19)
i=1Vi
With:
vi +y5  :sum of the first and second positive eigenvalues;
lys | + vz | : sum of the first and second absolute negative eigenvalues;
vit : the i-th positive eigenvalue;
Vi : the i-th negative eigenvalue;
r : total number of eigenvalues.

2.8 Climate Comfort Index

The level of climate comfort varies across regions and time periods. Differences in the climate comfort
by region are influenced by the duration of each season. These differences can affect the attractiveness of
tourist destinations and their development planning [27]. In general, there are two climate comfort indices
for tourism activities: Tourism Comfort Index (TCI) and Holiday Comfort Index (HCI). Based on a study in
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Europe over 10 years, an equation was derived for urban area and beach, each of them, namely Holiday
Comfort Index: Urban (HCIU) and Holiday Comfort Index: Beach (HCIB), as can be seen in Egs. (20) and
(21)[10]. These equations become a basis for weighting comparison in the climate comfort index constructed
using the STPCA-FASTMCD method.

HCIU = 4(TC) + 2(A) + 3(R) + (W), (20)
HCIB = 2(TC) + 4(4) + 3(R) + (W). (21)

Whereas TC is Thermal Comfort resulting from the calculation between maximum temperature (T Max) and
relative humidity (RH), according to Eq. (22).

TC = 0.8(T Max) + (RH(T Max)/500). (22)

Meanwhile, A is Aesthetic, meaning cloud cover is defined as a portion of the sky obscured by clouds,
usually measured in tenths or eighths of the sky. Rainfall, often symbolized by R, represents precipitation
water droplets with diameters of 0.5 mm or larger; where the diameters of the droplets are smaller than 0.5
mm are classified as drizzle. Wind speed (W) is defined as the comparison between the distance traveled by
air and the time required to travel that distance.

3. RESULTS AND DISCUSSION

3.1 Results of Preprocessing Data

Missing data were imputed using the KNN method with k = 12. It was known that the R variable
contained 61 missing values (NA). The mean value of before imputation (i, ) is 5.487, while the mean value

after imputation (u,) is 4.828. After the Z-test was conducted, it is known that p-value was 0.2214, which

is greater than 0.05; thus, the null hypothesis (H,) was accepted. This indicated that there is no significant
difference between the mean value before and after imputation.

Mahalanobis distance calculations for the Bali climate data, which exceeded the Chi-Square
distribution threshold, were used as the basis for outlier identification. The calculated value ranged from
59,8972 to 0.09076, with the highest number recorded at Kembangsari; meanwhile, the lowest value was
recorded at Gianyar. Bali’s climate data that were identified as outliers reached a total of 175 data points,
while the other 2,705 were identified as non-outliers. The areas with the most outlier data were Pengotan,
Kembangsari, and Nusa Dua. The calculation result showed that p — value = 0 and p — value < 0.05
Showed that the Mahalanobis distance distribution exceeds the Chi-Square threshold. Therefore, it could be
concluded that there were outliers in Bali’s climate data.

The last preprocessing step involves standardization of Bali’s climate data to ensure that the differences
between units and data distribution anomalies do not affect the analysis. Results from this step were shown
in Table 2, with the highest maximum value at data standardization located at the R variable, while the lowest
maximum value was recorded at the A variable. The highest minimum value is also located at the R variable,
and the lowest one is located at the TC variable.

Table 2. Summary of Data Standardization Result

Variable Monthly Average Monthly Average  Monthly Average  Monthly Average
Thermal Comfort (TC)  Cloud Cover (A) Rain Rate (R) Wind Speed (W)
Minimum -3.1588 -2.541969 -0.9777 -1.6564
Mean 0 0 0 0
Median 0.2357 0.0085 -0.2739 -0.1917
Maximum 2.3967 1.705248 6.1099 4.0580
Standard Deviation 1 1 1 1

3.2 Fourier Basis Functional Transformation

To mathematically clarify the functional data transformation, the discrete time domain of the
observations (t = 1,2, ..., 120 months) was normalized to a periodic interval [0, B]. The Fourier basis
expansion was explicitly chosen as it is highly suitable for capturing recurring seasonal patterns in the
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monthly climate data. Based on the BIC evaluated across 3 to 7 basis functions, the lowest values were mostly
observed around 3 and 4, as shown in Fig. 2. However, because a Fourier series naturally consists of pairs of
sine and cosine functions, the number of trigonometric basis functions must formally be an even number
(2k). Therefore, the optimal number of trigonometric functions was determined to be 4. Furthermore, to
account for the overall mean of the data, a constant term (the 0-th basis function, ¢,(t) = 1) is always included
in the equation. Adding this baseline constant to the 4 optimal trigonometric functions yields a final total of
5 basis functions for each variable.
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Figure 2. Fourier Basis Functions Transformations Graphs at 24 Locations in Bali from 2010 until 2019
(a) Monthly Average Thermal Comfort (TC), (b) Monthly Average Cloud Cover (A),
(c) Monthly Average Rain Rate (R), and (d) Monthly Average Wind Speed (W)

3.3 Basis Function Coefficient Matrix and Spatial Weight Matrix

After acquiring the result of the five basis function transformations for each variable, the basis function
coefficients were compiled. The basis function coefficients for each variable were then combined into a basis
function coefficient matrix (4) as shown in Eg. 23. Matrix A has dimensions of 24x20, representing 24
observation locations and 20 basis coefficients at each location. The values of matrix A are presented in Eq.
(23).

75774 —03214 .. 0.6797 —2.9936 - —0.5452
A 6.8?09 —0.4%697 - 0.7?99 —4.2:201 —0.5:3942 23)
—23.6177 —04622 - 0.4435 72180 i —0.2369)4x20)

The spatial weight matrix (W) was constructed using two distance-based approaches, KNN and Inverse
Power Distance (IPD). The KNN spatial weight requires determining the value of k, which can be calculated
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using the square root of the number of observations in Eq. (24). For k = 5, each location is influenced by its
five nearest neighbors.

k= +n=+24~5. (24)
W nn 1S as presented in Eq. (25).
01 010 0
e O (25)
00 00 0 : 0lauxza

For the IPD spatial weights, this study used r = 3 and r = 4, which are more suitable for larger datasets (=
25 observations). Wipp 3 matrix and Wpp -, matrix can be seen in Egs. (26) and (27).

0 1.9078 x 107'% ... 6.5823 x 1071°]
Wiop s = | 19078 x 10712 (3 5.4072 % 10715 ’ (26)
65823 x 10715 5.4072 x 10715 - 0 (24x24)
0 2.3663 x 10716 ... 1.2336 x 10717
Wiop e = | 23663 x 10716 (3 9.4908 x 10720 . 27)
12336 x 10719 9.4908 x 1020 ... 0 1 2axza)

3.4 Moran’s | Autocorrelation Test

The results of Moran’s | autocorrelation in Table 3 show that TC variables and W variables exhibit a
significant positive spatial autocorrelation with W yy. This means TC values and W values tend to form a
similar pattern in neighbouring locations, which can be interpreted as both TC and W having relatively strong
spatial structure within the study area. In contrast, A variables and R variables do not show significant spatial
autocorrelation, meaning their distribution tends to be random and is not influenced by spatial proximity.

Table 3. Moran’s | Autocorrelation Test Using Spatial Weights W gnn, Wiep r3, and Wipp 14

Spatial Weight Variable ~ Moran’s | Autocorrelation p-value Description (a = 0.05)

TC 0.3466 3.772 x 107° Significantly Positive
A -0.0092 0.3661 Not Significant

Wicn R 0.1028 0.07336 Not Significant
W 0.1251 0.04418 Significantly Positive
TC 0.4060 0.00054 Significantly Positive
A 0.2472 0.01875 Significantly Positive

Wiep s R 0.2115 0.03498 Significantly Positive
W 0.2287 0.02429 Significantly Positive
TC 0.4734 0.0008938 Significantly Positive
A 0.3149 0.01652 Significantly Positive

Wieo e R 0.2546 0.03912 Significantly Positive
W 0.2567 0.03534 Significantly Positive

Moran’s | autocorrelation test using Wipp,3 and Wipp 4, produced significant positive spatial
autocorrelation across all variables. This indicates that all climate variables exhibit a clear spatial dependence,
meaning that the value of a variable at one location is strongly influenced by its neighboring locations.
Moreover, Moran’s | value for TC variables was higher compared to other spatial weight matrices, further
reinforcing the indication that the thermal comfort variable is strongly affected by spatial proximity among
locations.

3.5 STPCA-FASTMCD Application

To clarify the unit of analysis and prevent the masking effect caused by classical covariance estimators,
outlier detection was formally conducted in two consecutive phases. First, at the observation level, outliers
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were evaluated per combined location-month observation on the standardized data (X'). By using a
Mahalanobis Distance, we identified 175 transient outlier data points, which were treated as missing values
and imputed via the KNN method. Subsequently, at the location level, after functional transformation, we
evaluated outliers per location based on matrix A using the FASTMCD algorithm.

The h subset is measured based on the number of rows and columns in the matrix. It is known that
matrix A has 24 rows and 20 columns. If it is determined that « = 0.75, the subset size was determined to be
h = 22. Next, the outlyingness calculation was performed using the Stahel-Donoho index at each location.
The highest Stahel-Donoho index values were found at Pengotan and Kembangsari, which were therefore
identified as outlier locations. By knowing that the h subset reaches 22, and the 2 locations with the highest
SDO values are Pengotan and Kembangsari, thus A4,,p,s+ Matrix could be constructed.

A, opuse Matrix dimension is 22x20, which indicates there are 22 locations and 20 basis function
coefficients at each location. This shows the dimension of A,,p,s; Matrix is consistent with h subset
requirements at FASTMCD and the outlier locations have been successfully removed. By excluding spatial
outliers from the W matrix, thus Wxnn robust: Wirp r3 robust: @Nd Wipp raropust Matrices were also
constructed, with each matrix consisting of 22x22 dimensions. As a result, the relationships among the
remaining locations became more stable. The spatial patterns obtained are more representative of the actual
conditions because they are no longer influenced by locations with extreme characteristics.

After A,opust and W, Matrices were obtained, a robust spatio-temporal matrix was constructed.
There are 3 types of C,,pys: Matrix where each of them has 20x20 dimensions which are shown in Egs. (28)-
(30).

7,1053  —0,05149 —0,03653 - —0,2659

Comyropust = | 005149 —0,0085 00010 - ~0,0120 ’ 28)
02659 —001199 00025 - —00165 (20x20)
16,6568 —0,1276 0,0082 - —0,7654]

Corp v ropust = | 01276 —0.0237 00034 - —0,0360 ’ (29
07654 —0,0360 00042 -- —0,6212_(20X20)
(18,5304 —0,1105 0,0263 - —0,8853]

Cpp raropust = | 01105 —0.0251 00028 - —0,0399 (30)
|0,8853 —0,0399 0,030 - —0,6152_(20X20)

3.6 Best Robust Spatial Weight Matrix

According to C,,pys: Matrix, an eigenvalue decomposition was performed to determine the best
W opus: Matrix, which M*and M~ calculation results could be seen at Tahle 4. It was found that all W ., 5,5t
matrix show very high percentages. The highest M*value was recorded at Wpp 3 ropust With value of
97.3627%, meanwhile the highest M~ value was recorded W g nn ropust With a value of 91.8384%. However,
since the first Spatio-Temporal Principal Component (STPC1) is positive and has the highest eigenvalue and
also able to explain the greatest proportion of variance in the data, the best W, mMatrix could be seen
from the highest M* value, which is Wpp 13 ropuse- This finding is consistent with recommendations in the
literature, which suggest that IPD is more suitable when the spatial model involves high uncertainty, such as
when the number of data pairs is limited [23].

Tabel 4. Comparison of Eigen Value Quality Measures
Matrix W, pust M™ value (%) M~ value (%)
W kNN robust 96.885 91.838
WIPD r3 robust 97.362 91.151
WIPD r4 robust 96.897 90.894
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3.7 STPCA-FASTMCD Principal Component

Fig. 3 presents the main outcomes of the eigenvalue decomposition obtained from the selected robust
spatial weight matrix. Panel (a) displays the scree plot of STPCA-FASTMCD eigenvalues, while panel (b)
shows the relative contributions of the basis-function coefficient blocks (Thermal Comfort, Cloud Cover,
Rain Rate, Wind Speed) to the STPC;.
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Figure 3. Screen Plot (a) and Contribution of the Basis Function Coefficient Blocks in Positive STPC1 (b)
STPCA-FASTMCD

The results of the eigenvalue decomposition of the best W .,,.,s¢ Matrix were then used to construct
the principal components of STPCA-FASTMCD. As can be seen in Fig. 3 (a), the STPC; eigenvalue is
37.787, which is much larger than the other components across all plots. This indicates that a single principal
component is sufficient to explain the dominant spatio-temporal variance in the data. The advantage of using
the STPCA-FASTMCD method is also evident here, as it is able to capture negative eigenvalues in the final
components. Unlike classical PCA, STPCA decomposes C,,pus: COntaining W..,p,s¢ Matrix that is not
positive semi-definite, inherently allowing for the mathematical emergence of negative eigenvalues.
Consequently, the calculated eigenvalue for STPC; reached -2.822, which could be interpreted as an
indicator of the presence of opposite patterns between neighboring locations.

The contribution of the basis function coefficient blocks for (a) STPC{ in Fig. 3 (b) shows that the
aTC and aW blocks contribute almost equally, with percentages of 44.8% and 44.9%, respectively.
Meanwhile, the contributions of the aA (6.9%) and aR (3.4%) are relatively small. These findings suggest
that the spatio-temporal variability of Bali’s climate is primarily influenced by thermal comfort and wind
speed. Furthermore, based on the coefficient magnitudes in the equations of STPC;* and STPC it is evident
that the TC and W variables are the most decisive in shaping the variability pattern. The complete forms of
STPC; and STPC; for location p are shown in Egs. (31) and (32).

STPC, = 0.669a,; + 0.003a,; — 0.001a,3 + 0.004,, + 0.006a,5 — 0.263,, + 0.007a,; — 0.007ct,g
+0003ap9 - 0.006ap10 - 0.177ap11 + 0.037ap12 - 0.0320!p13 + 0.019ap14
+0.012a,;5 + 0.668a,15 — 0.027a,;7 — 0.035,;5 — 0.01a,;9 — 00224, (31)

STPC, =0.494a,; + 0.134a,, — 0.001a,; — 0.024a,, + 0.043a,s — 0.028a,, — 0.357a,; + 0.02a,4
+0.005a, — 0.006a,;5 — 0.007a,;; — 0.019a,;, — 0.165a,,;5 + 0.019a,,,
+0.036ap15 - 0.1040(1016 + 0.001ap17 - 0.028ap18 - 0.698ap19 - 0.176ap20. (32)

When compared with the HCIU and HCIB equations developed for subtropical regions, significant
differences can be observed in the weights of A, R, and W. This demonstrates that the formulas do not fully
represent conditions in tropical regions. Therefore, modifications to the HCI equations—particularly
adjustments to the weights, ratings, and comfort thresholds—are necessary to make the indices more
consistent with tourists’ actual perceptions in the field [11].
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3.8 Regional Grouping of the STPCA-FASTMCD Climate Comfort Index

The regional grouping of the climate comfort index can be carried out by projecting the scores of the
two positive STPCs (STPC; and STPCS) and the two negative STPCs (STPC; and STPC; ). The projection
results of STPC;f and STPCS are shown in Fig. 4. A clear spatial contrast can be observed between lowland
and highland areas. Positive scores on STPC;f generally appear in coastal and lowland regions (e.g., Ngurah
Rai, Rambutsiwi, Celukan Bawang), characterized by a co-movement between aTC and aW. Conversely,
negative scores were mostly found in highland areas (Bangli, Besakih, Ubud), reflecting an opposite direction
between the two variables. Meanwhile, for positive STPC, the pattern is more reflective of the dominance
of aR and aA, whereas the positive scores indicate that rainfall increases along with cloud cover, while

negative scores suggest an inverse relationship between these variables.

Suraberata

Quadrant Grouping of Regions
Based on Prajected Positive STPC Scores

@ Q1 (Positive-Positive)
@ Q2 (Positive-Negative)
() Q3 (Negative-Negative)
@ Q4 (Negative-Positive)
[ Bali

Kubu Tambahan

A

@Besakih

Amlapura

Figure 4. Regions Grouping Based on STPC{ and STPC3 Scores

The projection results of STPC; and STPC, is shown in Fig. 5, where the presence of microclimate
areas can be observed. Positive scores appear in the west and southeast areas of Bali (Melaya, Negara), while
combinations of positive and negative were found along the northern and southern coasts. Meanwhile,
combinations of negative and positive scores were observed in the central-eastern lowlands (Suraberata,
Besakih). In contrast, areas with negative scores were distributed across several locations (Ubud, Munduk,
Pelaga, Amlapura), emphasizing that the negative components better represent local climate variations that

complement the general patterns in the positive scores.
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Figure 5. Regions Grouping Based on STPC; and STPC; Scores



BAREKENG: J. Math. & App., vol. 20(4), pp. 3035- 3052, Dec. 2026. 3049

Compared to prior climate comfort assessments in Bali, the spatial grouping obtained from the STPCA-
FASTMCD method offers a more refined understanding of the spatial structure of climatic comfort. Previous
investigations, [28] and [29], consistently demonstrated that comfort levels are strongly influenced by
topography and regional orientation, with higher comfort observed in elevated and south—western areas of
the island. The present STPCA-FASTMCD analysis refines them by revealing coherent high-comfort
grouping across the southern and central highlands and detecting microclimate areas that explain localized
variations. Substantively, these findings reveal that rather than broad regional groupings, Bali’s climate is
characterized by localized microclimate pockets. While macroclimates cover wide areas, these microclimates
reflect site-specific variations driven by local topography, vegetation, and surface properties that often shift
independently of general regional patterns [30]. These patterns highlight that the robust spatio-temporal
approach not only reproduces established comfort gradients but also effectively captures these localized
physical dynamics across regions.

These patterns show that the robust spatio-temporal approach not only confirms the general comfort
gradients previously identified in Bali but also uncovers more localized climatic differences between regions.
Such detailed spatial information is particularly valuable for tourism-oriented planning. Beyond
methodological improvements, the findings have clear practical relevance for the tourism sector. Variations
in the climate comfort index affect the suitability of outdoor activities, seasonal travel preferences, and overall
destination attractiveness, especially in tourism-dependent regions. Changes in comfort levels may influence
visitor flows, length of stay, and the timing of peak seasons, ultimately impacting local businesses and tourism
revenue [31], [32]. Therefore, combining robust spatio-temporal analysis with climate comfort assessment
provides meaningful insights to support tourism management, destination planning, and climate adaptation
strategies within the hospitality industry.

Although these findings offer valuable insights for the tourism sector, the accuracy of our regional
grouping still depends on a few practical mathematical assumptions. First, we assume that X’ is enough to
make the different climate variables truly comparable, and the Fourier method effectively captures their
natural monthly cycles. Second, we assume that the spatial relationships between locations do not change
over the ten-year study period. Finally, we assume that even after removing the extreme outlier locations, the
remaining data accurately represent Bali’s overall climate dynamics.

Beyond these methodological assumptions, this study also has several practical limitations that open
opportunities for further research. The climate comfort index was constructed using the standard variables
defined in the holiday climate framework, meaning that the assessment focuses mainly on measurable
meteorological conditions. Future research could enrich this approach by incorporating tourist perception
data or satisfaction surveys to better capture how visitors actually experience climatic comfort. In addition,
the STPCA-FASTMCD method was applied specifically to Bali’s tropical climate. Testing this framework
in regions with different climatic characteristics would enable meaningful comparisons and help evaluate its
broader applicability. Such efforts would further strengthen the relevance and generalizability of robust
spatio-temporal climate comfort analysis in tourism studies.

4. CONCLUSION

This study confirms that STPCA-FASTMCD is effective for analyzing climate data that contains
outliers. The method works by applying FASTMCD to the basis coefficient matrix (A) to identify outlier
locations, which are then excluded to form a robust spatio-temporal matrix (C,opust)- The Wipp r3 robust
matrix is proven to be the most suitable for Bali’s climate data. STPC; explains the largest spatio-temporal
variance, with the main influences coming from thermal comfort and wind speed. Regional grouping patterns
based on STPC; and STPC; scores highlight contrasts between coastal/lowland and highland areas, while
grouping based on STPCiand STPC; reveals microclimates that are significant for the tourism sector.
Furthermore, the findings confirm that climate comfort indices developed for subtropical regions are not fully
applicable to Bali Province. Therefore, adjustments to the weights and comfort thresholds are necessary to
make the index more representative of the local conditions.

Practically, these results allow tourism planners to move beyond general weather forecasts and focus
on localized microclimate pockets. This information helps policymakers, tourism planners, and local
businesses in Bali in identifying seasonally favorable areas, optimizing tourism calendars, and developing
climate-adaptive strategies for sustainable long-term tourism planning. Overall, the STPCA-FASTMCD
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method provides a solid evidence-based foundation for constructing a locally adaptive climate comfort index
to support strategic planning in Bali’s tourism sector.
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