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inverse distance weighting (IDW), through cross-validation using statistical measures such as RMSE, MAE,
seasonal precipitation and RZ? Additionally, Geographically Weighted Regression (GWR) is

employed to analyse the relationship between interpolated rainfall and
ground elevation. The findings reveal that LPI outperforms IDW,
demonstrating higher R2 values and lower MAE and RMSE, highlighting
its superior accuracy in rainfall estimation and underscoring the
importance of method selection in handling missing rainfall data.

1. Introduction

Peninsular Malaysia (PM), located in Southeast Asia, experiences a tropical climate marked by significant seasonal
precipitation variations due to the monsoon system's influence. The region's climate significantly affects water
resource management, agriculture, and disaster preparedness. In this context, accurately depicting spatial rainfall
distribution becomes crucial for informed decision-making and effective planning [1]-[3].

Rainfall interpolation enables meteorologists to estimate the precipitation values at sites that lack direct
measurement. This process is fundamental for generating comprehensive and high-resolution rainfall maps. Such
maps are indispensable for applications in agriculture, where farmers rely on precise rainfall data to optimise
irrigation schedules and crop management practices. Similarly, spatial rainfall information is essential to assess
the water availability and reservoir operations, ensuring a sustainable supply for agricultural and domestic needs.
In disaster preparedness, accurate spatial rainfall is needed to anticipate and mitigate the impact of natural
disasters. Flood risk assessments, for instance, heavily depend on understanding the spatial distribution of
rainfall, particularly in regions prone to flash floods. Landslide susceptibility mapping is another critical
application, as heavy and localised precipitation can trigger slope failures, posing risks to infrastructure and
communities [4]-[7]. The geographical heterogeneity of PM, featuring diverse landscapes such as mountains,
coastlines, and urban areas, amplifies the challenge of capturing the spatial variability of rainfall. This challenge
becomes more pronounced during the monsoon seasons, characterised by convective and localised precipitation
events. Accurate rainfall interpolation methods are indispensable for addressing these complexities and providing
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decision-makers with reliable information tailored to the region's specific topographical and climatic
characteristics [8], [9].

Previous studies in PM have utilised various interpolation approaches, such as kriging, inverse distance
weighting (IDW), and geostatistical approaches [10]-[12]. For instance, FirdausHum & Talib [11] compared
multiple interpolation techniques such as Ordinary Kriging, IDW, and Local Polynomial Interpolation (LPI) in
Selangor, concluding that kriging methods generally provide superior accuracy for monthly precipitation
estimation based on cross-validation statistics. Fung et al. [12] extended this by evaluating spatial interpolation
methods alongside spatiotemporal modelling approaches like Geographically Weighted Regression (GWR) and
Multi-scale GWR (MGWR) to capture rainfall distribution changes across Peninsular Malaysia, emphasising the
importance of accounting for both spatial and temporal variability due to climate influences. Meanwhile,
Fagandini et al. [13] focused on gap-filling techniques for missing daily rainfall data, comparing interpolation
methods to improve data completeness, which is critical for reliable hydrological modelling.

Despite these advances, the pronounced seasonal variability in precipitation across Peninsular Malaysia—
characterized by distinct monsoon and inter-monsoon periods—poses challenges for spatial interpolation, as
rainfall intensity and distribution patterns vary significantly by season and region. This necessitates a nuanced
evaluation of interpolation methods to determine their effectiveness in capturing these seasonal dynamics. While
kriging and IDW have been widely applied, Local Polynomial Interpolation (LPI) offers an alternative that can
adapt locally to spatial heterogeneity, potentially improving estimates where rainfall gradients are complex.

This study seeks to assess the efficacy of two spatial interpolation methods, i.e. Local Polynomial Interpolation
(LPI) and IDW, in estimating seasonal-scale precipitation in PM. Through the integration of Geographic
Information System (GIS) tools and modelling techniques, the research endeavours to overcome challenges
associated with data gaps and spatial variations. The primary goal is to enhance comprehension and application
of rainfall data in the context of environmental management and decision-making processes. The anticipated
outcome is an improved capacity to leverage rainfall information for more informed and practical decision
support.

2. Methodology

2.1 Data Acquisition

This study focuses on 550 rain gauge stations across PM, managed by the Department of Irrigation and Drainage
(DID) Malaysia, as shown in Fig. 1. 10-year rainfall records, from 2011 to 2020, were collected. Ensuring the
reliability and consistency of the rainfall data before analysis necessitated a rigorous quality check process.

Rain gauge stations without missing data were considered reliable and included directly in the analysis due
to their ability to provide comprehensive and continuous information on local rainfall patterns. However, stations
exhibiting missing data required additional preprocessing to ensure data quality and analytical accuracy.
Following the approach of Burhanuddin et al. [13], the rain gauge stations were classified into two groups based
on the proportion of missing data: those with less than 10% missing values and those exceeding this threshold.
According to Burhanuddin et al., datasets with less than 10% missing data are generally regarded as good quality
and suitable for imputation or further analysis without significantly compromising accuracy. Consequently,
stations with missing data below this 10% threshold were retained after appropriate gap-filling procedures, while
stations with more than 10% missing data were excluded from the study to avoid potential biases and inaccuracies
in rainfall estimation. This exclusion criterion helps to maintain the robustness of the spatial interpolation and
overall reliability of the precipitation analysis.

2.2 Spatial Interpolation

This study evaluates two interpolation approaches, specifically LPI and IDW. These two approaches were chosen
for their relevance to study objectives and capacity to generate reliable rainfall estimates across the study area. In
the case of IDW (Eq. (1)), the correlation between neighbouring points is directly tied to the distance that
separates them. This relationship is defined by a distance reverse function for each location, a pivotal factor in the
interpolation process. Specifying the nearby radius and determining the appropriate power of the distance
reverse function in IDW can be challenging. This depends on setting several sample sites (ideally > 14) and
achieving a proper dispersion degree at the local scale level. The accuracy of the inverse distance interpolator is
significantly influenced by the power parameter, making the effectiveness of IDW contingent on carefully selecting
parameters such as the nearby radius, power parameter, and distribution of sample sites in the study area.

s 1 s 1
Za =[Z,1Z:dKJ/[Z,1dKJ (1)
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where Z, is the predicted rainfall at the unsampled site; Z; is the observed rainfall at data point i; d; is the distance
between the prediction and observed locations; s is the number of observed sampling points within the site, and
K is the exponent that defines the rate of reduction of the weights as distance increases.
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Fig. 1 Selected rain gauge stations across PM

IDW is an accurate interpolator, helping circumvent division by zero issues at sample points when d; = 0. This
method ensures that the maximum and minimum values of the interpolated surface are confined to the data
points. Despite its efficacy in rapid interpolation, IDW exhibits limitations, including susceptibility to outliers and
data clustering. Moreover, a notable drawback is the absence of implicit evaluation for estimation accuracy.

On the contrary, Local Polynomial Interpolation (LPI) (see Eq. (2)) proves to be a robust method for fitting
polynomials within overlapping neighbourhoods. These neighbourhoods are selected by a search neighbourhood
criterion that offers flexibility in choosing form, size, and organisation. LPI effectively captures short-range
variations, enhancing its suitability for surfaces susceptible to local changes. Additionally, LPI can adjust the
neighbourhood's width and introduce a power parameter through a slider. The power parameters affect the
weight assigned to each sample point in the neighbourhood based on its distance from the interpolated point. LPI
can furnish surfaces that account for more localised variations through parameter adjustments.

Z, :Z::lwi.Zl. (2)

where Z, is the predicted value at the unsampled site; Z; is the observed value at data point i, and wi is the weight
assigned to the data point based on its distance and other parameters determined by the local polynomial fitting.

2.3 Cross Validation (CV)

CV is primarily a model validation approach to evaluate the spatial interpolation model's performance. In spatial
interpolation, CV involves dividing the dataset into subsets. The model is trained on a subset of the data and then
tested on the remaining subset. The process is iterated multiple times, utilising different subsets for training and
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testing each iteration. CV assesses the overall predictive performance of the interpolation model but does not
explicitly consider spatial relationships or variations. For the present study, three statistical metrics were adopted
for the CV, including the root mean square error (RMSE), mean absolute error (MAE), and coefficient of
determination (R?2).

2.4 Geographically Weighted Regression (GWR)

GWR examines spatially diverse relationships between different variables. This technique extends traditional
regression by assigning different weights to data points based on spatial proximity. It recognises that relationships
between variables can vary across space. GWR estimates a local regression model for each location, considering
only nearby data points and assigning higher weights to closer ones. GWR explicitly accounts for spatial variability,
allowing for the identification of spatial patterns and trends in the relationships between variables. In the present
study, the GWR was applied to investigate the relationship between the interpolated rainfall and the altitude of
PM, and the same statistical metrics mentioned in Section 2.3 were adopted.

3. Results

3.1 Seasonal Patterns and Comparative Analysis

Three seasonal periods were recognised in this study, namely Northeast (NEM), Southwest (SWM), and Inter-
Monsoons (IM). A seasonal scale assessment was conducted. Fig. 2 shows the IDW and LPI interpolation results
presented using a raster figure, while Table 1 shows the overview data for cross-validation (CV) results using IDW
and LPI methods.

Based on the outputs, both interpolation methods exhibited varying performance levels across seasons. The
NEM emerges as a season where both interpolation methods exhibit heightened accuracy. However, the LPI
method stands out with a consistently lower RMSE (1.51 mm/day), a smaller MAE (1.00 mm/day), and a notably
higher R? (0.78). These metrics collectively indicate the method's proficiency in capturing the intricate spatial
variations of rainfall during this season. The superior performance of LPI in the NEM suggests its efficacy in
handling complex topographical and climatic features, making it a favourable choice for this season.

IDW-NEM IDW-SWM IDW-IM

LPI-SWM

Rainfall Intensity in mm
|| [ [ I I ===
0 4 6 8 10 12 14 16 18 20

Fig. 2 Seasonal rainfall maps. IDW represents rainfall map interpolated using Inverse Distance Weighted Method;
LPI represents rainfall map interpolated using Local Polynomial Interpolation technique. NEM stands for northeast
monsoon, SWM stands for southwest monsoon and IM stands for Inter-monsoon
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Table 1 CV results

Season IDW LPI
RMSE MAE R2 RMSE MAE R2
NEM 1.65 1.09 0.74 1.51 1.00 0.78
SWM 1.01 0.72 0.50 1.02 0.73 0.50
IM 1.18 0.86 0.53 1.15 0.85 0.54

During the SWM, the IDW method displays commendable accuracy with a lower RMSE (1.01 mm/day) and a
similar MAE (0.72 mm/day) compared to LP1. However, despite exhibiting a slightly higher RMSE, the LPI method
maintains an R? of 0.50, comparable to IDW. This suggests that both methods offer relatively comparable
performance during the SWM, with IDW showing a slight edge in lower RMSE.

The IM season reveals a nuanced performance comparison between the two methods. LPI again demonstrates
its strength with a lower RMSE (1.15 mm/day) and MAE (0.85 mm/day), coupled with a higher RZ (0.54)
compared to IDW. This suggests that the LPI method is better equipped to handle the transitional and less
predictable conditions during the IM period.

The consistent superior performance of LPI during the NEM underscores the method's adaptability to
conditions characterised by high variability. The comparable performance of IDW and LPI during the SWM
indicates that both methods can adequately capture the spatial patterns of rainfall in this season. LPI emerges as
the preferred choice in the IM season, emphasising its versatility in handling transitional periods with fluctuating
climatic patterns.

3.2 Relationship Between Seasonal Rainfall and Elevation

The study also delves into the complex relationship dynamics between IDW and LPI-interpolated rainfall and
elevation across PM using the Geographically Weighted Regression (GWR). Table 2 summarises the GWR analysis
between seasonal interpolated rainfall and elevation in PM. The GWR results offer valuable insights into the
predictive power of elevation for rainfall, unveiling spatial nuances that transcend a uniform relationship. IDW
demonstrates moderate accuracy in the NEM season with an RMSE of 2.14 mm/day and an MAE of 1.47 mm/day.
However, the modest R? value of 0.20 indicates that elevation accounts for only a fraction of the variability in
rainfall during this season. In the SWM, IDW exhibits improved performance, reflected in a lower RMSE (0.77
mm/day) and MAE (0.69 mm/day). The higher R2 value of 0.43 suggests that elevation is a more robust predictor
of rainfall in this season. The IM season, characterised by transitional climatic conditions, proves challenging for
IDW, with higher errors (RMSE and MAE) and an exceptionally low R2 of 0.01. This underscores the limitations of
relying solely on elevation to explain rainfall variability during periods of climatic transition.

Turning to Local Polynomial Interpolation (LPI), the method mirrors IDW in the NEM season, offering a
comparable level of accuracy (RMSE = 2.08 mm/day, MAE = 1.44 mm/day, Rz = 0.21). The SWM, however, sees
LPI outperforming IDW with lower errors (RMSE = 0.70 mm/day, MAE = 0.64 mm/day) and a higher R? of 0.53.
This signals the effectiveness of LPI in capturing the rainfall-elevation relationship during the SWM. Despite
advancements over IDW in the IM, particularly in lower errors, LPI still struggles to explain rainfall variability, as
evidenced by a low R? of 0.02. The transitional nature of the IM season poses inherent challenges in establishing
a robust relationship with elevation alone.

The spatial patterns unveiled by GWR emphasise the need for a nuanced understanding of rainfall-elevation
dynamics. With its adaptability to capturing complex spatial variations, LPI proves more effective, especially
during the SWM. However, the persistent challenge in explaining rainfall variability during transitional periods,
as seen in both methods during the IM, calls for a more comprehensive exploration of contributing variables.

This GWR analysis sheds light on the spatial variations in the relationship between rainfall and elevation
across seasons in PM. The findings underscore the importance of context-specific methodologies and highlight the
need for further research to uncover additional variables influencing rainfall patterns. Such insights are pivotal
for the region's informed water resource management and climate resilience.

Table 2 GWR analysis between seasonal interpolated rainfall and elevation in PM

Season IDW LPI
RMSE MAE R2 RMSE MAE R2
NEM 2.14 1.47 0.20 2.08 1.44 0.21
SWM 0.77 0.69 0.43 0.70 0.64 0.53
IM 1.44 1.24 0.01 1.30 1.10 0.02
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4. Conclusion

The seasonal study emphasises the vital need to customise interpolation methods to the specific characteristics
of each season. While IDW exhibits commendable performance in certain seasons, the LPI method, renowned for
capturing intricate spatial patterns, emerges as a robust choice for seasons marked by heightened variability, such
as the NEM. This nuanced understanding of seasonal variations provides valuable guidance in selecting the most
suitable interpolation method for ensuring accurate and context-specific rainfall estimations in PM.

Implementing the GWR model to investigate the relationship between rainfall and elevation has been a focal
point in this study, particularly when assessed on a seasonal basis. The GWR evaluation, integrated with IDW and
LPI methods, considered metrics such as RMSE, MAE, and R? at the seasonal scale. The outcomes reveal varied
performance for IDW and LPI when elevation is incorporated through GWR, emphasising the need for a seasonally
nuanced approach in understanding the effectiveness of these interpolation methods in the study area. Future
studies can also consider adopting more advanced interpolation methods, such as kriging or machine learning-
based approaches, to assess the potential for improving accuracy. Apart from that, relevant variables, such as land
use, topography, and vegetation indices, should be included to offer a more comprehensive understanding of
spatial variability in rainfall.
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