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ABSTRACT
This study develops a robust formulation of the Spatio-Temporal Principal Component Analysis (STPCA) by incorporating the Fast Minimum Covariance Determinant (FASTMCD) estimator into the classical STPCA framework. The resulting robust STPCA–FASTMCD is designed to reduce the influence of outliers, which often distort the spatio-temporal covariance structure and inflate the leading eigenvalues. Using monthly climate data from 24 monitoring locations in Bali for the period 2010–2019, the performance of the robust approach is evaluated through mean-shift analysis, eigenvalue-stability assessment, and perturbation-based comparisons between classical and robust covariance matrices. The results show that classical STPCA yields unstable leading components, with the first eigenvalue inflated to 63.36 due to outlier effects. The robust STPCA–FASTMCD formulation corrects this inflation by reducing the first eigenvalue to 37.79 and producing smoother, more coherent spatial loading patterns. These findings confirm that the robust covariance estimator enhances the reliability of dominant spatio-temporal modes and provides a more stable foundation for climate comfort assessment in Bali.
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Introduction
Global climate change has intensified temperature fluctuations, altered rainfall patterns, and increased atmospheric variability across many regions, including tropical areas such as Indonesia [1]. These changes directly influence climate comfort, a multidimensional concept shaped by various meteorological factors such as air temperature, humidity, rainfall, wind speed, and cloud cover [2]. Assessing climate comfort is increasingly important for climate-sensitive sectors—particularly tourism—because tourists’ perception of comfort is closely linked to daily and seasonal weather conditions at a destination [3].
Bali, as one of the world’s major tourist destinations, possesses a humid tropical climate with complex spatial–temporal characteristics. Its climatic variability is strongly shaped by the island’s diverse topography, ranging from coastal lowlands to mountainous highlands [4]. This heterogeneity results in climate data that exhibit a clear spatio-temporal structure, where conditions vary simultaneously across locations and over time. Consequently, conventional analytical approaches—which treat observations solely as time series or as independent spatial points—are unable to fully capture the dynamic interaction between space and time.
Principal Component Analysis (PCA) is among the most widely used dimensionality-reduction techniques [5]. However, classical PCA does not account for spatial–temporal dependencies and is highly sensitive to outliers, which frequently arise in tropical climate datasets due to extreme rainfall, strong winds, or measurement anomalies. Spatio-Temporal PCA (STPCA) extends PCA by decomposing variability into dominant spatial–temporal modes [6], but the standard STPCA formulation still relies the sample covariance matrix, making it unstable when outliers are present.
To address this limitation, robust covariance estimators—particularly the Fast Minimum Covariance Determinant (FASTMCD)—offer high breakdown-point performance and are effective for detecting structure in multivariate datasets affected by outliers [7][8]. Despite its advantages, the integration of FASTMCD into the STPCA framework has not been comprehensively examined, especially in the context of climate data.
Motivated by this gap, this study develops a robust formulation of Spatio-Temporal Principal Component Analysis (STPCA–FASTMCD) by replacing the classical covariance matrix with a FASTMCD-based robust covariance estimator. After constructing the STPCA–FASTMCD matrix, the study evaluates its performance by examining how the robust formulation affects the mean shift, the stability of the resulting eigenvalues and eigenvectors, and the overall differences between classical STPCA and the proposed robust STPCA–FASTMCD approach. This approach enables the identification of dominant climate-variability modes that are less influenced by outliers and more stable for subsequent interpretation. The proposed formulation is applied to Bali’s climate dataset from 2010–2019 to demonstrate how robust covariance estimation improves the extraction of meaningful spatio-temporal patterns relevant to climate comfort analysis.
Methods
Data
This study utilized spatio-temporal climate data from Bali Province covering the period 2010–2019. The dataset consists of monthly observations from 24 climatological monitoring sites distributed across coastal, lowland, and highland regions, as listed in Table 1. 
Table 1. Climate Observation Site in Bali
	Location
	Coordinates and Elevation

	
	UTM Latitude
	UTM Longitude
	Elevation (m)

	Ngurah Rai
	298595,33
	9032573,83
	3

	Nusa Dua
	304216,60
	9026793,78
	9

	Celukan Bawang
	263192,79
	9093603,27
	10

	Sanglah
	301945,73
	9041530,96
	16

	Negara
	237477,19
	9077321,91
	24

	Melaya
	222383,44
	9087187,63
	24

	Suraberata
	274629,03
	9060967,36
	25

	Rambutsiwi
	274629,03
	9060967,36
	28

	Sampalan
	340041,87
	9040465,23
	40

	Kubu
	343203,34
	9087047,25
	41

	Kubu Tambahan
	302415,29
	9106177,58
	56

	Pejarakan
	231141,33
	9097200,90
	57

	Dawan
	328298,18
	9056762,29
	63

	Amlapura
	346981,33
	9065680,61
	95

	Gianyar
	315677,26
	9054558,88
	119

	Kahang-Kahang
	347099,55
	9075480,21
	141

	Ubud
	309785,34
	9059049,20
	218

	Buruan
	295210,10
	9068783,15
	386

	Bangli
	319448,65
	9066679,60
	544

	Munduk
	285273,42
	9085972,67
	698

	Besakih
	328935,52
	9073323,36
	834

	Pelaga
	305057,84
	9083207,72
	907

	Kembangsari
	308979,85
	9096220,96
	1027

	Pengotan
	319416,65
	9081702,48
	1155



These monitoring sites represent the spatial diversity of Bali’s climate, ranging from coastal plains to mountainous highlands with elevations exceeding 1,000 meters. The spatial distribution of these sites was represented using UTM coordinates and elevation values to capture both horizontal and vertical climatic variation. Four key climatic variables relevant to climate comfort were analyzed: thermal comfort, rainfall, wind speed, and cloud cover. Each variable was recorded consistently at monthly intervals, yielding 120 time points for every location. The resulting dataset represents a structured spatio-temporal panel comprising 24 spatial units and 120 temporal units, suitable for multivariate and spatial statistical analysis. A summary of the variables employed in this study is presented in Table 2.

Table 2. Research Variables
	Variable
	Symbol
	Unit
	Scale

	Monthly Average Thermal Comfort (TC)
	
	Celsius
	Interval

	Monthly Average Cloud Cover (A)
	
	Percent
	Ratio

	Monthly Average Rain Rate (R)
	
	Millimeter per day
	Ratio

	Monthly Average Wind Speed (W)
	
	Kilometers per hour
	Ratio



Outlier Identification 
One of the most common methods for detecting multivariate outliers is the Mahalanobis distance [9]. The distance for the -th observation is computed as:

With:
  : random vector at the i-th observation;
  : mean vector;
  : covariance matrix.

A large Mahalanobis distance indicates that the observation deviates substantially from the multivariate data structure and may be considered an outlier
Spatial Weight Matrix Construction and Moran’s I
The choice of the spatial weight matrix (W) plays a crucial role in determining the number of principal components produced by STPCA. This matrix has an order of n × n, where n denotes the number of observation locations. Commonly used spatial weighting schemes include the Inverse Power Distance (IPD).  The IPD method assigns weights based on distance, giving stronger spatial influence to closer locations and weaker influence to those farther away. IPD weights follow an inverse-power relationship with distance, as shown in Equation 2. For small datasets (≤19 observations), the optimal distance decay parameter is r = 2, whereas for larger datasets (≥25 observations), recommended values range between r = 3 and r = 4 [10].


Spatial autocorrelation can be assessed through both global and local measures, which indicate how strongly values of a variable are spatially clustered or dispersed. Global measures describe overall spatial patterns, while local measures examine the relationship between each unit and its neighbors [11] . A widely used measure suitable for STPCA is Moran’s I, expressed in Equation 3 with standardized spatial weights. Moran’s I ranges from −1 (perfect negative autocorrelation) to 1 (perfect positive autocorrelation). Positive values indicate spatial clustering, whereas negative values suggest spatial dispersion [12].



Functional Data Transformation (Fourier Basis)
Functional data refer to smoothed realizations of random sample observations collected over space and time [13]. These data take the form of curves, requiring a specialized framework known as functional data analysis. Its objectives include generating new functional representations, identifying variability in data characteristics, exploring temporal patterns, and estimating the variation in response variables based on predictor information. Transforming temporal data into functional form involves projecting observations onto a functional space defined by orthonormal bases, such as Fourier, spline, or wavelet functions, resulting in multivariate functional data (MFD) where each variable is expressed as a continuous function over time as shown in Equation 4.

With:
    	: variable -th as time function ;
      	: basic function coefficient estimation in variable -th and -th basis;
  	: basic function vector Fourier in -th basis;
         	: number of significant bases.

For climate-related data, the Fourier basis is particularly suitable because it decomposes discrete and potentially complex temporal patterns into simple sinusoidal components [14]. This transformation is effective for meteorological and climatological variables that exhibit strong periodic behavior, such as seasonal rainfall and dry-season patterns [15]. The Fourier basis consists of three orthonormal components as shown in Equation 5:

where  denotes the basis index and represents the total time period. 
The number of basis functions  directly influences the smoothness of the functional data, where smaller values of  produce smoother curves. The optimal number of basis functions  ()​ can be selected by evaluating and comparing the Bayesian Information Criterion (BIC). The BIC as shown in Equation 6 :


This transformation produces a set of basis-function coefficient vectors (), which are then assembled into the matrix . The matrix  serves as the input for constructing the spatio-temporal matrix .
Spatio-Temporal PCA
The extension of PCA to more complex data structures, particularly those exhibiting spatio-temporal characteristics, underlies the development of the STPCA framework. This methodology is intended to more effectively characterize the relationship between spatial variation across geographic locations and the corresponding temporal dynamics of the data [16]. To implement this approach, STPCA represents spatial and temporal dependencies within a combined covariance structure, which is formalized through the construction of a spatio-temporal matrix used in its eigenvector formulation. Based on this formulation, the spatio-temporal matrix  is obtained from the joint processing of the functional coefficient matrix  and the spatial weight matrix , and is expressed as shown in Equation 7.

The matrix C in Equation 7 is symmetric () and indefinite, representing the spatial covariance structure among the functional basis coefficients [17]. These properties allow the principal directions of the spatio-temporal data to be identified through the eigenvalue decomposition of , expressed as Equation 8:


Positive eigenvalues () correspond to positive spatial principal components, whereas negative eigenvalues ( < 0) generate negative spatial principal components. Together, these components describe the dominant modes of spatio-temporal variation in the dataset.
Within the STPCA framework, each eigenvector  yields a pair of loading vectors—the positive eigenvector  and the negative eigenvector —derived from the respective positive and negative eigenvalues. These loadings are used to compute the spatio-temporal principal component scores at each location. For the -th component, the positive score at location  is computed as shown in Equation 9:



and the negative component as shown in Equation 10:



Here,  denotes the basis-coefficient vector at location , while  and  represent the positive and negative spatio-temporal eigenvectors that capture the underlying spatial–temporal patterns. The resulting inner products quantify the extent to which each pattern is manifested at a given location.
With: 
	: positive spatio-temporal principal component score of order  at location ;
 : negative spatio-temporal principal component score of order  at location ;
	: positive spatio-temporal eigenvector of order  for the -th basis;
	: negative spatio-temporal eigenvector of order  for the -th basis;
	: basis function coefficient at location  for the -th basis.
Robust Covariance Estimation Using FAST-MCD
The Minimum Covariance Determinant (MCD) estimator provides robust estimates of the mean and covariance by selecting a subset of size as shown in Equation 11:


whose covariance determinant is minimal. The robust estimates are computed as Equation 12 and 13:


Because MCD is resistant to outliers, the resulting eigenvalues and eigenvectors remain stable even when extreme observations are present. Prior studies [18][19] confirm that PCA based on MCD yields more reliable component scores than classical PCA when data are contaminated. The main limitation of MCD is its computational burden, which led Rousseeuw and Van Driessen [20] to introduce the faster FASTMCD algorithm. FASTMCD determines a subset using alpha between 0.5 and 1, with

Observations with the lowest Stahel–Donoho outlyingness are selected to form a clean subset from which a robust mean and covariance matrix are computed. The resulting covariance structure is then subjected to eigen decomposition to obtain the final principal components. This procedure ensures that the influence of outliers is minimized, allowing the extracted components to reflect the true underlying data structure without distortion. 
Eigenvector Perturbation
The eigenstructure of STPCA depends directly on the covariance matrix, making it highly sensitive to extreme observations. When FASTMCD is incorporated into the STPCA framework, the covariance matrix is replaced with its robust version, , which is computed from a robust mean and a reduced subset of observations. This shift in covariance structure results in perturbed eigenvalues ()and eigenvectors ().
Based on eigenvector perturbation theory [21], the effect of a small change in the covariance matrix () can be described through the following relation:
which forms the basis for deriving the approximate change in the eigenvalue.
Results and Discussion
Spatio-Temporal PCA-FASTMCD
The integration of FASTMCD begins by determining the subset size  using Equation 14. According to [7], the subset must satisfy , where  is the number of observations and  is the number of variables. Using this subset, the matrices  and  are constructed, leading to the formulation of the robust spatio-temporal matrix as shown in Equation 16:

The matrix is then decomposed through the eigenvalue as shown in Equation 17:


The resulting eigenvalues and eigenvectors form the basis for computing the robust spatio-temporal principal components. The use of FASTMCD ensures that the eigenstructure is not distorted by outliers, resulting in more stable and representative components. 
To evaluate how the robust covariance modifies the eigenstructure, the eigenvector perturbation framework is applied. The perturbation form of the eigenvector equation is written as Equation 18:

Multiplying both sides by :
Because and , the expression simplifies to:
Ignoring second-order terms  and using  results in the perturbation:
becomes:
This expression shows that robust eigenvalues depend on the robust mean , which is unaffected by outliers, while the classical mean  may shift toward extreme observations. As a result, robust eigenvalues may increase when the classical mean suppresses core variability, or decrease when the classical mean artificially inflates variability due to outliers. In all cases, robust estimation provides a more accurate reflection of the central data structure.
To ensure proper integration of FASTMCD, several conditions must be met:
1. the number of observations must exceed the number of variables ();
2. the data must be continuous and numerical, without perfect multicollinearity; and
3. the proportion of outliers must not be excessively large.

Outlier Identification of Climate Data
The Mahalanobis distance values for the Bali climate dataset range from 0.0908 to 59.8972. The highest distance was observed in Kembangsari, while the lowest occurred in Gianyar. Based on the chi-square criterion at a significance level of 0.05, a total of 175 observations were classified as outliers, and 2,705 observations were identified as non-outliers. The locations with the largest number of flagged outliers were Pengotan, Kembangsari, and Nusa Dua. The Mahalanobis distance calculation for climate data can be seen in Table 3.
Table 3. Result of Outlier Identification
	Outlier Detection Result
	Value

	Maximum Mahalanobis distance
	59,8972

	Minimum Mahalanobis distance
	0,0908

	Number of detected outliers
	175

	Locations with most outliers
	Pengotan, Kembangsari dan Nusa Dua

	Significance level ()
	0,05

	p-value
	


The resulting p-value of , which is well below the 0.05 threshold, indicates that the distribution of Mahalanobis distances exceeds the expected chi-square boundary. This confirms the presence of multivariate outliers in the Bali climate dataset.
Result of Spatial Weight Matrix Construction and Moran’s I
The spatial weights in this study were constructed using IPD method with a distance-decay parameter of r = 3, which is appropriate for datasets with a large number of observations (greater than or equal to 25). This specification produces the spatial weight matrix  as defined in Equation 21.

Spatial dependence was then evaluated using Moran’s I for four climatic variables under the weight configuration . Moran’s I assesses whether measurements at nearby locations tend to be similar (indicating spatial clustering) or whether they follow a random pattern. The results are summarized in Table 4.
Table 4. Result of Moran’s I
	Variable
	Moran’s I
	p value
	Interpretation ()

	TC
	0,4060
	0,00054
	Positive Significant

	A
	0,2472
	0,01875
	Positive Significant

	R
	0,2115
	0,03498
	Positive Significant

	W
	0,2287
	0,02429
	Positive Significant



All variables show significant positive spatial autocorrelation when analyzed using the . This indicates the presence of meaningful spatial dependence in all climatic variables, where values at one location are strongly influenced by nearby locations. TC exhibits the highest Moran’s I value, suggesting that its spatial structure is particularly strong.

Result of Functional Data Trasnformation (Fourier Basis)
The transformation of temporal data into functional form was conducted using several candidate numbers of basis functions, followed by the computation of the BIC for each option. The optimal number of basis functions was selected based on the minimum BIC. In this study, the number of basis functions evaluated ranged from 3 to 7, guided by the reference value of four basis functions suggested by [22].
Once the candidate basis sizes were specified, five functional transformations were generated for each variable. The BIC results indicate that the lowest values predominantly occurred for basis sizes of 3 and 4. A summary of the frequency of minimum BIC values across variables is presented in Table 5. Overall, a basis size of 3 most frequently produced the lowest BIC, although variables R and W include several locations where a basis size of 4 was optimal.


Table 5. Summary of Basis Function Selection by Minimum BIC
	Variable
	Basis Size (k)
	Frequency

	TC
	3
	24

	A
	3
	24

	R
	3
	16

	R
	4
	8

	W
	3
	15

	W
	4
	9



After identifying 4 basis functions as the optimal number, the corresponding basis coefficients were constructed. The coefficients for each variable were then combined into the basis coefficient matrix () according to the prescribed formulation. Matrix  has dimensions 24 × 20, representing 24 observation locations and 20 basis coefficients at each location. A sample portion of matrix  is shown in Equation 22.

Spatio-Temporal Matrix Classic and Robust
To evaluate how robust estimation affects the spatio–temporal structure, the classical spatio-temporal matrix , which serves as the core matrix in the construction of STPCA, is compared with its robust counterpart , which is used in STPCA-FASTMCD. The classical version uses the sample mean, whereas the robust version applies the FASTMCD estimator to both spatial and temporal components. The formulation of matrix  is presented in Equation 23.


The determination of subset was carried out to identify the most representative portion of the observations as part of the STPCA-FASTMCD procedure. The subset size was based on the number of rows and columns of matrix , which contains 24 rows and 20 columns. Using a constant , the resulting subset size was . The Stahel–Donoho outlyingness index was then computed for matrix A, with Pengotan and Kembangsari showing the highest values and therefore identified as outliers. Given  and the identification of these two locations as the most outlying, the construction of the robust matrix  and  can subsequently be performed within the STPCA-FASTMCD framework. The formulation of matrix  is presented in Equation 24.

The classical covariance matrix  contains substantially larger diagonal values (for example 37.4865; 0.4433; 0.4742). These inflated variances indicate that several extreme observations pull the classical mean toward outlying directions. In contrast, the diagonal elements of  (for example 16.6568; –0.0237; 0.0042) are much smaller because they represent variation around the FASTMCD mean, which is resistant to outliers. The off-diagonal elements also decrease in magnitude, showing that the robust procedure reduces spurious spatial–temporal covariances. 
Overall, comparing  and  illustrates the substantial impact of outliers on classical STPCA. The FASTMCD approach stabilizes the covariance structure, produces more reliable eigenvalues, and yields principal components that better describe the true underlying spatio–temporal patterns. This contrast highlights the influence of outliers on the covariance structure. The following section, Eigenvalue and Mean Shift Analysis, further examines how these effects propagate to the eigenvalues and mean estimates.

Eigenvalue and Mean Shift Analysis
After obtaining matrix  and  the mean coefficients of the basis functions from STPCA and STPCA-FASTMCD were compared. The mean basis coefficients for STPCA () were derived from matrix , whereas those for STPCA-FASTMCD () were obtained from matrix . Differences between these mean values affect the construction of the spatio-temporal matrix as well as the resulting eigenvectors and eigenvalues.
Table 6 shows notable discrepancies in several basis coefficients, particularly α₁.₀, α₂.₀, α₃.₀, and α₄.₀. These large differences arise because some STPCA mean coefficients are close to zero, while none of the STPCA-FASTMCD means approach zero. This finding indicates that outliers exert a substantial influence on pulling the data distribution.
Table 6. Comparison of Mean Basis Coefficients: STPCA vs. STPCA-FASTMCD
	Basis Function Coefficient
	Mean Basis Coefficients Matrix ()
	Mean Basis Coefficients Matrix  ()
	Difference ( )

	
	5,18 
	1,985287
	1,985287

	
	-0,54892
	-0,55688
	-0,00795

	
	-0,5316
	-0,52514
	0,006461

	
	0,568796
	0,567538
	-0,00126

	
	0,625715
	0,642817
	0,017103

	
	4,22 
	-0,09663
	-0,09663

	
	0,557217
	0,558117
	0,0009

	
	0,387047
	0,398068
	0,011021

	
	0,285102
	0,281156
	-0,00395

	
	-1,07545
	-1,08564
	-0,01018

	
	1,33 
	-0,3479
	-0,3479

	
	-0,10035
	-0,12682
	-0,02646

	
	0,582395
	0,585055
	0,00266

	
	0,786708
	0,867595
	0,080887

	
	-1,03827
	-0,95947
	0,078798

	
	0
	0,608484
	0,608484

	
	0,224513
	0,222799
	-0,00171

	
	0,330626
	0,37101
	0,040384

	
	-0,83866
	-0,88336
	-0.04471

	
	-0,49068
	-0,52075
	-0,03006


The eigenvalue decomposition under STPCA and STPCA-FASTMCD shows clear differences, particularly in the leading components. The first four eigenvalues obtained from STPCA are substantially larger than those from STPCA-FASTMCD—for example, the first component decreases from 63.3570 to 37.7872. The detailed comparison can be seen in Table 7. This reduction indicates that classical STPCA is influenced by outlier-induced distortions, which inflate spatio-temporal relationships and produce large but unstable eigenvalues. With the application of FASTMCD, the impact of outliers is minimized, resulting in smaller yet more reliable eigenvalues that better capture the underlying structure of the data.
For the smaller eigenvalues (components 5 to 20), the differences between the two methods are relatively minor, and some components even show positive differences. This pattern suggests that outliers primarily affect the leading components, while their influence diminishes in later components. In line with the comparison of mean basis coefficients, several STPCA means close to zero contribute to instability in constructing the spatio-temporal matrix, whereas FASTMCD produces more stable means. As a result, the STPCA-FASTMCD decomposition yields a more consistent and robust eigenvalue structure. 
In addition, the improved performance of STPCA-FASTMCD is also influenced by the more compact spatial structure produced after robust estimation. The reduction of effective spatial distances between observation locations leads to stronger and more coherent spatial relationships, which enhances the stability of the decomposition process. This aligns with the findings of [23], who showed that compact spatial structures improve the robustness of spatio-temporal PCA.
In line with the comparison of mean basis coefficients, several STPCA means close to zero contribute to instability in constructing the spatio-temporal matrix, whereas FASTMCD produces more stable means. As a result, the STPCA-FASTMCD decomposition yields a more consistent and robust eigenvalue structure.
Table 7. Comparison of Eigenvalues in STPCA and STPCA-FASTMCD
	Eigenvalue
	STPCA
	STPCA-FASTMCD
	Difference

	1
	63,36
	37,79
	-25,57

	2
	7,0843
	2,0119
	-5,0725

	3
	1,9824
	0,8297
	-1,1526

	4
	0,6289
	0,1967
	-0,4322

	5
	0,1104
	0,0508
	-0,0596

	6
	0,0234
	0,0007
	-0,0227

	7
	0,0106
	0,0001
	-0,0105

	8
	0,0002
	0,0000
	-0,0002

	9
	0,0000
	0,0000
	0,0000

	10
	0,0000
	0,0000
	0,0000

	11
	0,0000
	-0,0001
	0,0000

	12
	-0,0001
	-0,0001
	0,0000

	13
	-0,0002
	-0,0001
	0,0000

	14
	-0,0014
	-0,0014
	0,0000

	15
	-0,0304
	-0,0122
	0,0182

	16
	-0,0501
	-0,0450
	0,0051

	17
	-0,0757
	-0,1008
	-0,0251

	18
	-0,1427
	-0,1476
	-0,0050

	19
	-0,7406
	-0,3433
	0,3972

	20
	-2,9580
	-2,8222
	0,1358


Conclusions
This study develops a robust formulation STPCA-FASTMCD, addressing the sensitivity of spatio-temporal decomposition to extreme observations. The robust estimator effectively reduces inflated variance in the dominant components, as reflected by the decrease of the first eigenvalue from 63.36 under the classical method to 37.79 under STPCA–FASTMCD. The robust mean also mitigates mean shifts, resulting in a more stable centering of the data and a more reliable spatio-temporal covariance matrix.
The results further show that the robust formulation produces smoother eigenvectors and more coherent spatial and temporal loading patterns, confirming that the FASTMCD-based covariance improves the stability of dominant climate variability modes. The perturbation expression  clarifies how the robust estimator directly stabilizes the decomposition. When applied to Bali’s climate dataset, the method consistently reveals interpretable climate patterns aligned with the spatial configuration of the region, demonstrating the practical benefits of robust STPCA for climate variability analysis.
This study still has limitations in handling outliers, which resulted in two locations being removed from the analysis. Therefore, future research is encouraged to develop an approach that no longer excludes locations but instead assigns smaller weights to sites identified as outliers. This can be achieved by utilizing the robust distance values from FASTMCD to determine the weight for each location, allowing extreme sites to remain included while reducing their influence on the overall analysis. 
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