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ABSTRACT

The integrity of long-term tropical meteorological time series is crucial for climate modeling, yet
missing data compromises dataset reliability. This study aimed to identify the most accurate interpolation
method for handling missing values in key meteorological variables to support robust climate research and
action. This study conducted a simulation study using a 14-year daily time series (2010-2023) from North
Aceh, Indonesia, comprising 25,565 observations across five variables: temperature, humidity, rainfall,
sunshine duration, and wind speed. The baseline dataset was subjected to simple random missingness at 10%,
20%, and 30%. Four interpolation methods: linear, spline, stineman, and moving average were applied. The
performance of these methods was rigorously evaluated using Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and Mean Absolute Scaled Error (MASE). Linear interpolation consistently
demonstrated superior performance, yielding the lowest error rates across all variables and missing data
percentages. In contrast, spline and moving average methods exhibited higher error metrics and greater
sensitivity to outliers, particularly for volatile variables like rainfall. Stineman interpolation showed moderate,
intermediate performance. For long-term tropical meteorological data, linear interpolation is the most effective
and stable method for imputing missing values. This finding provides a validated, practical solution for
enhancing the quality of climate records, a fundamental requirement for achieving the monitoring and analysis
goals of Sustainable Development Goal 13 on Climate Action. The study recommends adopting this method

for creating reliable datasets for climate trend analysis and modeling.
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Introduction

Interpolation is an essential analytical method used to estimate missing data points within the
range of existing values. This method is especially critical in meteorology, where the completeness of
datasets significantly impacts the accuracy of models and predictions [1]. Reliable meteorological
forecasts are heavily dependent on uninterrupted data streams; thus, addressing data gaps is imperative
for ensuring robust analyses. Missing meteorological data often results from factors such as equipment
malfunctions, sensor breakdowns, or errors during data recording [2].

This challenge is amplified in tropical regions. The region's pronounced climatic heterogeneity,
marked by high variability and sharply defined wet and dry periods, is often complicated by rapid,
extreme meteorological shifts. This environmental volatility poses a significant challenge to data
integrity, increasing the incidence of data voids and simultaneously complicating their accurate
interpolation. The underlying non-uniformity of the data structure makes conventional gap-filling methods
less reliable. Consequently, the insufficient management of these missing values risks obscuring or
misrepresenting the intrinsic dynamics of the local climate system, thereby impeding the development
of robust climatic models and effective data-driven mitigation strategies [3]. Variables like temperature,
humidity, rainfall, sunshine duration, and wind speed are particularly susceptible to these disruptions,
often leading to reduced accuracy in predictions critical to sectors like agriculture, transportation, and
tourism. Implementing appropriate interpolation methods helps retain the integrity and usability of
meteorological datasets, mitigating potential biases that incomplete data can introduce [4].

Over the years, various interpolation methods have been developed to address missing
meteorological data, each with distinct strengths and limitations. Previous studies indicate that
interpolation accuracy depends more on the statistical characteristics of the variable than on algorithmic
complexity alone. Linear interpolation is simple and computationally efficient, and it often performs well
for relatively stable series [b, 6]. Spline interpolation is useful for smooth curves but may overshoot in
highly variable data [7-9]. Stineman interpolation preserves local shape and reduces oscillation [10, 11],
whereas moving average interpolation smooths short-term noise but may blur abrupt changes [12, 13].
Therefore, this study compares these methods under controlled missingness to identify the most reliable
approach for long-term tropical meteorological time series.

The application of linear interpolation in meteorology allows for the estimation of missing values
based on the known values at adjacent time points or spatial locations. This method is particularly
advantageous due to its simplicity and computational efficiency, making it suitable for real-time data
processing and analysis. Previous discusses the importance of integrating spatial and temporal data to
improve the precision of meteorological datasets, suggesting that linear interpolation can be part of a
broader spatiotemporal interpolation framework. Further, linear and spline functions are used to
interpolate the weather data for filling missing meteorological data in heating and cooling seasons
separately of Kerman, Iran. Both methods provide accurate results [14].

Spline interpolation is widely recognized for its ability to create smooth curves that align with

the general trends of unevenly distributed data points. This method has demonstrated effectiveness in



Sci Ess J Vol. 42 No. 1 (2026) 133

filling gaps in temperature and precipitation datasets, ensuring continuity in data representation. For
instance, spline interpolation has been particularly successful in rainfall modeling, even with incomplete
datasets [9]. Another prominent approach, stineman interpolation, is designed to preserve the natural
shape and trends of environmental data, making it well-suited for variables that exhibit specific patterns
[10]. Although its application in meteorology is relatively limited, existing studies highlight its ability
to reconstruct temperature variations accurately while minimizing distortions. Additionally, moving
average interpolation offers a simpler approach, effectively smoothing data to reduce short-term
fluctuations and emphasize longer-term trends [12]. This method, though less complex, remains a popular
choice for preliminary data analyses in meteorological studies [13].

The primary challenge addressed in this study is the selection of the optimal interpolation method
to enhance the accuracy of meteorological datasets with missing values. A comparative analysis of four
interpolation methods, linear, spline, stineman, and moving average interpolation, is proposed as the
general solution. This approach evaluates the relative performance of these methods across key
meteorological variables to determine their effectiveness in filling data gaps. This study adopts a
systematic methodology to explore the effectiveness of interpolation methods under varying levels of
data incompleteness. Existing studies, while insightful, often focus on short-term datasets, leaving a gap
in understanding their applicability to long-term meteorological data. This study bridges that gap by
analyzing over a decade of meteorological records, offering a robust framework for future data analyses.

The specific solution involves a rigorous performance evaluation of the four interpolation
methods using metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
Mean Absolute Scaled Error (MASE). By simulating missing data scenarios at varying percentages, this
study provides a comprehensive assessment of each method's reliability and accuracy. An extensive
review of relevant literature reveals a study gap in the application of interpolation methods to long-term
meteorological datasets. While prior studies have evaluated these methods in controlled environments or
over short periods, their effectiveness in long-term analyses still needs to be explored. This study
addresses this limitation by applying these methods to an extended dataset from North Aceh Regency,
Indonesia.

The study aims to identify the optimal interpolation method for managing long-term missing
meteorological data to enhance the quality and reliability of extended data sets. This study lies in the
comprehensive comparison of several methods across different meteorological variables over 13 years.
The findings are expected to advance current methodologies and provide practical recommendations to
improve meteorological data analysis, which in turn can support informed decision-making in climate
change-sensitive sectors. This study supports SDG 13 (Climate Action) by improving the completeness
and reliability of long-term meteorological records, which are fundamental for climate monitoring,
extreme-event analysis, and adaptation planning. By identifying the most reliable interpolation method
for daily tropical meteorological time series, this study strengthens the quality of data used in climate

trend assessment, agricultural planning, and disaster risk reduction. Thus, the contribution to SDG 13 is
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both methodological and practical, as more complete and reliable climate archives strengthen the

evidence base for climate action.

Materials and Methods
The Study Area, Data Source, and Variables

North Aceh, a prominent regency in Aceh Province as one of the tropical regions in Indonesia,
holds the distinction of being the province's largest rice-producing region. This reason makes precise
meteorological data crucial for supporting agricultural productivity in the area. In 2022, the population
of North Aceh was recorded at 614,640, with a population density of 186.43 individuals per square
kilometer. A significant portion of the population is engaged in agriculture. The selection of North Aceh
Regency for this study was conducted through purposive sampling, considering its role as the largest
contributor to rice production in Aceh Province, with a total yield of 238,088 tonnes in 2023 [15]. The
focus on North Aceh, a key agricultural region. By improving the accuracy of meteorological data crucial
for agriculture a sector highly vulnerable to climate variability, this work provides a tool for safeguarding
food security, which is an integral component of climate adaptation and resilience-building efforts. The

location of the study area is shown in Figure 1.

[1 Aceh Province
[] North Sumatra Province|
I North Aceh Regency

Figure 1 Location of North Aceh Regency showing the study sites.

The dataset for this study was obtained from the official Indonesian Agency for Meteorological,
Climatological and Geophysics (BMKG) website (www.dataonline.bmkg.go.id) and comprises daily
meteorological observations for North Aceh Regency, spanning from January 1, 2010, to December 31,
2023. The analyzed variables include temperature (°C), humidity (%), rainfall (mm), sunshine duration
(hours), and wind speed (m/s). Each variable consists of 5,113 observations, amounting to a total of

25,565 data points. The dataset is organized as a time series. In this study, missing values were simulated
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under a Missing Completely at Random (MCAR) framework to enable controlled methodological
comparison; however, real-world meteorological datasets often exhibit Missing at Random (MAR) and
Missing Not at Random (MNAR) mechanisms, which are influenced by observed environmental

conditions or extreme events [16].

Interpolation Methods

Interpolation is a computational process designed to estimate missing or unknown values within
a dataset by using known data points [17]. The accuracy of interpolation results is highly dependent on
the algorithm employed [18]. This study evaluates and compares four interpolation methods: linear,
spline, stineman, and moving average. Linear interpolation estimates new data points by drawing straight
lines between two known values. This method is particularly useful for its simplicity and computational
efficiency [19]. In the linear interpolation method, x denotes the independent variable representing the
position of the data point (e.g., time index), while x; and X;, 1 represent the independent variable values
at the i-th and (i+1)-th observed data points, respectively. The variable y denotes the dependent variable
corresponding to a given X, with y; and y;,; representing the observed values at x; and X;,;. Linear
interpolation estimates the value of y at a point x lying between X; and X;,q by assuming a linear
relationship between the two known data points (X;,y;) and (X;41, Vi4+1). The following formula is
employed to calculate the value of y at a specific point x for i = 1,2,3,...,n:

_ Yirr = Yi . 1
Y=yt e () ()

In the spline interpolation method, x denotes the independent variable representing the position
of the data point (e.g., time index), while Xx;, X;,1, X;42, X;43 represent the independent variable values
at consecutive observed data points used to construct each spline segment. The variable y denotes the
dependent variable corresponding to a givenx, with V;, Vit1,Vi+2,Yi+3 representing the observed
values at the respective points. Spline interpolation constructs a smooth piecewise polynomial function
that passes through the observed data while maintaining continuity and smoothness of the first and/or
second derivatives across adjacent intervals. More generally, spline interpolation approximates a function
f(x) over the interval a < x < b using a spline function g(x), which is defined by partitioning the
domain into sub-intervals a = x; < x, < :-» < X, = b, where each segment is represented by a
polynomial function with coefficients (e.g., by and b,) that control the local shape and smoothness of
the curve [20]. The function g(x), is expressed using the following formula for i = 1,2,3,...,n :

(x —x;) + by (x — x;) (X — xi41) + bp(x — x) (X — Xi41) (X — Xi42) (2)

y =y + yl'+1_yl:

i+1 X

where is

b, — Xiv2 — Xi41 Xiy1 — Xi (3)
L=
Xiy2 — Xj

(}’i+z - }’i+1) _ (}’i+1 - }’i)
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(Yi+3 — Yi+1) _ (Yi+2 - Yi+1) (yi+n+1 - yi+n) . (Yi+n - yi)
Xi+3 — Xi42 Xit1 — Xj _ Xit2 — Xit+1 Xi+1 — X
Xi+3 — X Xi+3 — X (4)

bz =
Xi+3 — X

Stineman interpolation is a method used to estimate missing values, particularly in datasets with
fluctuating or intersecting trends, by employing rational approximations that preserve data continuity and
minimize oscillations [21]. In this method, x denotes the independent variable representing the position
of the data point (e.g., time index), while x; and X;, 1 represent two consecutive observed points that
bound the interpolation interval. The variable y denotes the dependent variable at a given x, with y;
representing the observed value at x;, and Yy, representing a reference or initial value depending on the
formulation. The quantities Ay; and Ay;,; represent successive differences between observed values
used to estimate local slopes, while S; denotes the slope or gradient at point x;, calculated based on
neighboring differences to ensure shape-preserving interpolation. For i =1, 2, 3 , ..., n, the interpolation
is computed using different formulations depending on the sign of Ay; and Ay;, 1, allowing the method
to adapt to local data behavior and maintain stability. The following formulas, Stineman interpolation

formulas is:

AyiAyitq

= _ IfAy;, Ay;., > 0
AyiAyi 1 (X —x; + X — Xjy1)

(Ay; + Ayiv1) (Xig1 — X;)

Y=Yt ) IfAy;, Ay;.1 > 0 (6)

where 1s

Ay; = y;i + Si(x — x;) — ¥o

Ayiv1 = Yigr +Si(x — xi11) — Vo

T
Yit1 — Vi
The last, moving average interpolation method estimates missing values by replacing a missing
observation at time ¢ with the average of k preceding observations [22]. In this method, y denotes the
value of the dependent variable at a given time point, while y; represents the observed value at time
index i. The term y;_, represents a prior observation (two time steps before i), and Yy, denotes an
initial or boundary value depending on the formulation. The parameter k represents the moving average
window size, defined as the number of observations included in the averaging process. For i =1, 2, 3,
..., I, the interpolated value is computed as the mean of the previous k observed values, allowing the
method to smooth short-term fluctuations while preserving the overall trend of the data. The choice of

k influences the balance between smoothing and responsiveness, where smaller values retain local
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variability and larger values produce smoother estimates. The moving average interpolation method is

expressed as:

it yia+ -+ yo) (10)
s K

Performance Evaluation Metric

Performance evaluation metrics are utilized to measure the effectiveness of each interpolation
method in achieving the desired level of accuracy. This study employs three primary metrics: MAE,
RMSE), and MASE. In Equations (11)-(13), the variables are defined as follows: y; denotes the
observed (actual) value at time t, while J, represents the interpolated (estimated) value at time t, and
n is the total number of observations used in the evaluation. The index t indicates the time step, with
t=1,2,..,n

The MAE measures the average magnitude of absolute differences between observed and
estimated values, providing a straightforward measure of accuracy. The RMSE measures the square root
of the average squared differences, giving greater weight to larger errors. The MASE scales the MAE
by the mean absolute difference between consecutive observations, |y, — V;_q|, providing a scale-
independent measure that allows comparison across different datasets. In the MASE formulation, the
denominator represents the mean absolute error of a nalve one-step forecast, which serves as a
benchmark for scaling. These metrics provide a quantitative basis for assessing the reliability of the
interpolation methods. The formulas for MAE, RMSE, and MASE are presented in Equations, as outlined
by [23, 24].

n
1 - 11
MAE == Iy, - 9] 1y
n

t=1

1 n
RMSE = |~ (v = 9,)? (12)

t=1

_ MAE

MASE = — 13)

mZ?zzb’t = Vel

Stage of Data Analysis

The analysis is to determine the optimal interpolation method that is done in six stages. The
study first calculated descriptive statistics, such as the minimum, mean, and maximum values as measures
of central tendency. It aims to summarize a dataset by identifying a central or typical value that represents
the entire distribution of data [25]. Additionally, it calculated the standard deviation and interquartile
range as measures of dispersion to understand the variability of a set of initial data used in the study as
a “baseline dataset” [26]. Next, the sum of the missing values for every variable will be computed.

Descriptive statistical analysis allows for the identification of patterns and trends within the data [27].
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In the second stage, the baseline dataset containing missing values was processed using the
interpolation methods: linear (Equation 1), spline (Equation 2), stineman (Equations 5 and 6), and
moving average (Equation 10). The interpolated data serves as an "actual dataset” for subsequent
analyses. These datasets were further analyzed using descriptive statistics to assess central tendencies
and dispersion. The third stage involved introducing simple random deletions to the actual dataset to
simulate data loss at three levels: 10% (511 observations), 20% (1,023 observations), and 30% (1,534
observations) from a total of 5,113 observations for each variable. This approach was used to test the
robustness and reliability of the interpolation methods while mimicking real-world scenarios of missing
data [28].

In the fourth stage, the dataset with simulated missingness was re-interpolated for each
percentage of data loss using the same interpolation equations as in the second step. This re-interpolation
allowed for an evaluation of how each method responds to varying levels of data incompleteness, creating
“prediction dataset”. The fifth stage focused on evaluating the performance of the interpolation methods.
Performance metrics, including MAE, RMSE, and MASE, were calculated by comparing the actual
dataset with the prediction dataset for each variable at different levels of missingness.

In the last stage, the average MAE, RMSE, and MASE values are computed from the comparison
results of the five variables with identical percentages of missing data for each interpolation method.
The performance metrics are chosen based on assessing data interpolation accuracy, emphasizing both
absolute and relative error measurements. Ultimately, this study focuses on identifying the most effective
interpolation method by selecting the method with the lowest average MAE, RMSE, and MASE. All
stages of analysis in this study were carried out using R-4.4.2 software. R software is free and open-
source, licensed by the GNU Project, and distributed under the GNU General Public License [29]. For
reproducibility, we set the global random seed using set.seed(141). The use of a fixed seed ensures that

missingness patterns and interpolation comparisons are exactly reproducible by independent researchers.

Results and Discussion
Descriptive Statistics for Baseline Data

Descriptive statistics, outlined in Table 1, provide a summarized overview of the primary
characteristics of North Aceh's meteorological data from 2010 to 2023. Table 1 highlights the baseline
dataset's key statistical measures. Temperature displayed a stable trend, with values ranging between
23.3 °C and 30.3 °C, averaging 26.7 °C. Its low standard deviation of 0.911 suggests minimal
fluctuation, indicating consistent behavior over time. Humidity exhibited higher variability, with values
ranging from 57.0% to 100.0% and an average of 83.99%. Its standard deviation of 4.315 indicates
moderate variability. Rainfall showed the most significant variability, with values spanning from 0.0
mm to 181.7 mm, a mean of 5.6 mm, and a substantial standard deviation of 14.22. These statistics
suggest occasional extreme values within the dataset. Sunshine duration averaged 5.57 hours, with a
range from 0.0 to 11.7 hours and a moderate standard deviation of 3.007, reflecting a broad distribution.

Wind speed proved to be the most consistent variable, with an average of 2.01 m/s, minimal variability
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(standard deviation of 0.74), and an interquartile range (IQR) of 0.0, highlighting uniformity in its
central tendency. The distribution of each variable is shown in Figure 2. Furthermore, the dataset
includes missing values for all meteorological variables analyzed in this study. Rainfall had the highest
number of missing observations, totaling 1,484, while wind speed had the fewest missing values, with

38 instances.

Table 1 Summary statistics of baseline dataset.

No Variable Min  Mean Max IQR Stdv  Missing Value
1 Temperature 23.30 26.70 30.30 1.20 0.911 38
2 Humidity 57.00 83.99 100.00 6.00 4.315 41
3 Rainfall 0.00 5.60 181.70  4.20 14.220 1,484
4 Sunshine duration 0.00 5.b7 11.70 4.80 3.007 281
b Wind speed 0.00 2.01 5.00 0.00 0.740 33

Rainfall Wind Speed Humadity
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150 P J— 55
100 E - 80
2 —_
50 1 P 70
% 0 0 o 60
=
§ Sunshine Duration Temperature
12 voo
5 A Variables
9 # Rainfall
® Wind Speed
6 27 M Humadity
# Sunshine Duration
3 25 # Temperature
0
23

Variables

Figure 2 Distribution of meteorological variables.

Furthermore, the intersection size for missing data is shown in Figure 3. It shows distinct
patterns of missing data across the five climatic variables in this study. With uncombined missingness,
the largest missingness occurs in rainfall (1,381 observations), followed by Sunshine duration (178
observations). Next, joint missingness of sunshine duration and rainfall (77 observations), and a
combination of five variables (25 cases). Other combinations are rare (<25 observations). It indicates
that missing data are concentrated in rainfall, often coinciding with gaps in rainfall and sunshine duration,

likely due to measurement failures during cloudy or rainy conditions. The results of the missingness



Sci Ess J Vol. 42 No. 1 (2026) 140

suggest a random pattern. Therefore, appropriate handling using interpolation is essential to maintain

the reliability and accuracy of subsequent statistical or climatological analyses.
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Figure 3 The intersection size for missing data from five variables.

Descriptive Statistics for Actual Dataset

The baseline meteorological data, which initially contained missing values, was completed using
various interpolation methods. After filling the missing values, a descriptive analysis was conducted on
the resulting dataset, with the summary statistics presented in Table 2. The descriptive statistics for
temperature indicate a consistent mean of 26.7 °C across all interpolation methods, with minimal
variability reflected by a standard deviation of 0.9 and an interquartile range (IQR) of 1.2. This
uniformity suggests all methods are equally reliable in handling temperature data, given its stable
characteristics over time. The stability in results highlights the absence of significant deviations
introduced by the interpolation methods, making them all suitable for datasets with low variability. For
humidity, a similar trend of consistency emerges, with a mean of 84%, ranging from 57% to 100%,
and a standard deviation of 4.3 across methods. The narrow IQR of 6.0 further underscores the
uniformity in distribution. These findings indicate that all interpolation methods adequately handle
humidity data, ensuring reliable outcomes with minimal variation between methods.

However, rainfall demonstrates pronounced differences across interpolation methods. Spline
interpolation produces a much higher mean value of 45.3 mm, accompanied by extreme variability, as
shown by a maximum value of 838.5 mm and a standard deviation of 152.5. In contrast, stineman and
moving average interpolation methods yield significantly lower means (around 6.6 mm and 6.0 mm,
respectively) and reduced variability, with standard deviations near 14.2 and 14.3. Linear interpolation,
while maintaining a lower mean of 6.1 mm, shows a slightly smaller standard deviation of 13.9. These
differences highlight spline interpolation's susceptibility to amplifying variability, making it less suitable
for high-variance data like rainfall. For sunshine duration, the mean value of 5.6 hours remains consistent

across all methods, with the standard deviation in the same value of 3.0. However, all interpolation
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methods except moving average interpolation introduce slightly higher maximum value, as evidenced by
its maximum value of 14.1 hours compared to 11.7 hours for the other methods. This information
suggests that spline interpolation may slightly exaggerate extremes in the data. Finally, wind speed
exhibits exceptional consistency across all methods, with a mean of 2.0 m/s, an IQR of 0.0, and a
standard deviation of 0.7. The lack of variation across interpolation methods indicates that all methods

are equally effective for handling this variable, which inherently demonstrates minimal variability.

Table 2 Summary statistics of the actual dataset.

No. Methods Variable Min Mean Max IQR Stdv
Temperature 23.3 26.7 30.3 1.2 0.9

Humidity 57.0 84.0  100.0 6.0 4.3

1 Linear Rainfall 0.0 6.1 181.7 5.9 13.9
Sunshine duration 0.0 5.6 11.7 4.7 3.0

Wind speed 0.0 2.0 5.0 0.0 0.7

Temperature 23.3 26.7 30.3 1.2 0.9

Humidity 57.0 84.0  100.0 6.0 4.3

» Spline Rainfall 0.0 45.3 838.5 114 1525
Sunshine duration 0.0 5.6 14.1 4.8 3.0

Wind speed 0.0 2.0 5.0 0.0 0.7

Temperature 23.3 26.7 30.3 1.2 0.9

S Humidity 57.0 84.0  100.0 6.0 4.3

Rainfall 0.0 6.6  181.7 7.8 14.2

Sunshine duration 0.0 5.6 11.7 4.7 3.0

Wind speed 0.0 2.0 5.0 0.0 0.7

Temperature 23.3 26.7 30.3 1.2 0.9

Humidity 57.0 84.0  100.0 6.0 4.3

4 Moving average  Rainfall 0.0 6.0 181.7 5.7 14.3
Sunshine duration 0.0 5.6 11.7 4.7 3.0

Wind speed 0.0 2.0 5.0 0.0 0.7

Descriptive Statistics for Prediction Dataset Based on Percentage of Missing Data

Following the removal of observations at predefined levels of missing data, the interpolated data
for each variable was analyzed. This step aimed to evaluate how different interpolation methods
responded to varying degrees of data incompleteness. The prediction datasets generated through
interpolation were subjected to descriptive statistical analysis to identify patterns and trends for each
variable, as summarized in Table 3. The summary statistics presented in Table 3 provide a detailed

examination of how different interpolation methods give impact the prediction dataset at three different
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data thresholds (10%, 20%, and 30%). Across the four interpolation methods: linear, spline, stineman,
and moving average, each variable exhibits distinct patterns of predictability and variability.

Temperature shows remarkable consistency across almost all methods, with a narrow range from
23.3 °C to 30.3 °C and stable mean values (26.7 °C). The low standard deviations (0.8 to 0.9) and
minimal fluctuations in IQR suggest that temperature is highly predictable, regardless of the interpolation
method or data percentage. This stability makes Temperature a reliable variable for forecasting, where
even simpler models like linear interpolation are sufficient. In contrast, Humidity demonstrates higher
variability, particularly in the Spline interpolation method, where maximum values (e.g., 105.3%)
suggest potential overestimation or anomalies in the data. Despite this, the mean humidity remains
around 84%, indicating general stability, though the larger standard deviations point to greater
uncertainty in predictions for this variable. The variability is slightly reduced when the data percentage
increases, but the fundamental instability remains, particularly in methods like spline.

The most significant variation occurs in rainfall, which exhibits the widest range (0.0 to 838.5
mm). While the mean rainfall is low (around 6.0 to 6.6 mm), the Spline interpolation method leads to
extreme outliers, with values reaching 838.5 mm. This high variability is reflected in large standard
deviations and IQRs, indicating that Rainfall is inherently difficult to predict accurately, particularly
when extreme events are involved. The choice of interpolation method becomes critical here, as more

complex models like spline may capture non-linear patterns but also introduce significant uncertainty.

Table 3 Summary statistics of prediction data.

No  Methods Percentage Variable Min Mean Max IQR  Stdv
Temperature 23.3 26.7 30.3 12 0.9

Humidity 58.0 84.0 100.0 6.0 4.2

10% Rainfall 0.0 6.2 181.7 6.0 13.7

Sunshine duration 0.0 5.5 11.7 4.7 2.9

Wind speed 0.0 2.0 5.0 0.0 0.7

Temperature 23.3 26.7 30.3 12 0.9

Humidity 59.0 84.0 100.0 6.0 4.2

1 Linear 20% Rainfall 0.0 6.1 181.7 6.1 13.2
Sunshine duration 0.0 5.5 11.7 4.5 2.9

Wind speed 0.0 2.0 5.0 0.0 0.7

Temperature 23.3 26.7 30.3 1.2 0.8

Humidity 59.0 84.0 100.0 5.2 4.1

30% Rainfall 0.0 6.1 181.7 6.2 13.1

Sunshine duration 0.0 5.6 11.7 4.4 2.8

Wind speed 0.0 2.0 5.0 0.0 0.7
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Table 3 Summary statistics of prediction data (cont.).

No

3

Methods

Spline

Stineman

Moving

average

Percentage

10%

20%

30%

10%

20%

30%

10%

Variable
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration
Wind speed
Temperature
Humidity
Rainfall
Sunshine duration

Wind speed

Min
sk
58.0
0.0
0.0
0.0
22.6
59.0
0.0
0.0
0.0
22.6
59.0
0.0
0.0
0.0
23.3
58.0
0.0
0.0
0.0
23.3
59.0
0.0
0.0
0.0
23.3
59.0
0.0
0.0
0.0
23.3
58.0
0.0
0.0
0.0

Mean
26.7
84.0
45.6

5.6
2.0
26.7
84.0
45.7
5.6
2.0
26.7
84.0
45.9
5.7
2.0
26.7
84.0
6.6
5.5
2.0
26.7
84.0
6.6
5.5
2.0
26.7
84.0
6.5
5.6
2.0
26.7
84.0
6.6
5.5
2.0

Max
30.3
100.0
838.5
14.1
5.4
30.3
105.1
838.5
19.5
5.0
30.3
105.3
838.5
19.5
6.7
30.3
100.0
181.7
11.7
5.0
30.3
100.0
181.7
11.7
5.0
30.3
100.0
181.7
11.7
5.0
30.3
100.0
181.7
11.7
5.0

IQR
1.2
6.0

12.0
4.9
0.0
1.2
6.0

12.4
4.8
0.0
1.3
6.0

12.4
4.7
0.0
1.2
6.0
8.0
4.7
0.0
1.2
6.0
8.2
4.5
0.0
1.2
5.3
8.1
4.4
0.0
1.2
6.0
8.0
4.5
0.0

143

Stdv
0.9
4.3

152.5
3.0
0.7
0.9
4.4

152.4
3.1
0.8
0.9
4.5

152.4
3.1
0.8
0.9
4.3

13.9
2.9
0.7
0.9
4.2

13.5
2.9
0.7
0.9
4.1

13.4
2.8
0.7
0.9
4.2

13.8
2.9
0.7
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Table 3 Summary statistics of prediction data (cont.).

No  Methods Percentage Variable Min Mean  Max IQR  Stdv
Temperature 23.3 26.7 30.3 1.2 0.9

Humidity 59.0 84.0 100.0 5.1 4.2

20% Rainfall 0.0 6.6 181.7 8.3 13.3

Sunshine duration 0.0 5.5 11.7 4.3 2.8

Moving Wind speed 0.0 2.0 5.0 0.0 0.7
average Temperature 23.3 26.7 30.3 1.2 0.9
Humidity 59.0 84.0 100.0 4.7 4.0

30% Rainfall 0.0 6.6 181.7 8.3 13.1

Sunshine duration 0.0 5.6 11.7 4.1 2.7

Wind speed 0.0 2.0 5.0 0.0 0.7

For Sunshine duration, the data shows moderate variability, with a range from 0.0 to 19.5 hours.
While the mean values are fairly consistent (5.5 to 5.7 hours), the IQR and standard deviations suggest
some fluctuations, particularly at higher data percentages. The variation is less extreme compared to
Rainfall and Humidity, but still notable enough to influence the precision of forecasting. Wind speed is
the most predictable variable, with values consistently ranging from 0.0 to 5.4 m/s and minimal variation
in both standard deviation and IQR. This stability indicates that Wind speed can be reliably predicted
using any interpolation method, with little impact from data percentage changes.

When comparing the interpolation methods, linear interpolation generally provides the most
stable predictions, especially for Temperature and Wind speed, with low variability across all variables.
This makes it a strong choice for models requiring consistent results. In contrast, the spline method
introduces greater variability, especially for rainfall, where extreme values cause larger standard
deviations. While spline interpolation may capture more nuanced patterns in complex datasets, its
increased sensitivity to outliers suggests that it may not always provide the most reliable predictions for
highly variable variables like Rainfall and Humidity. The stineman and moving average methods show
similar performance, offering moderate variability compared to linear interpolation but without the
extremes seen in spline. These methods may strike a balance, providing a smoother approach that can
be useful when moderate fluctuations are expected, such as in Sunshine duration and Wind speed
predictions.

From an operational forecasting perspective, the implications are clear. For stable variables like
Temperature and Wind speed, simpler methods like linear interpolation are both effective and efficient,
as they provide accurate predictions with minimal complexity. However, for more variable and
unpredictable data such as Rainfall, Spline interpolation may offer a more detailed representation of
complex weather patterns, though care must be taken to address outliers and variability. The stineman
and moving average methods offer an intermediate approach suitable for situations where moderate

smoothing is needed without the risk of extreme prediction errors.
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Increasing the data percentage from 10% to 30% does not significantly impact the predictions
for stable variables like Temperature and Wind speed, but it does improve the understanding of more
complex variables like Rainfall and Sunshine duration. While this additional data enhances model
robustness, particularly for Rainfall, it also introduces more complexity and potential for error, especially

with more sensitive methods like Spline.

Evaluation of Performance Metrics

Figure 4 evaluates four interpolation methods: linear, spline, stineman, and moving average
across three data percentages (10%, 20%, and 30%) using MAE, RMSE, and MASE. These metrics
are essential for evaluating predictive accuracy, with lower values generally indicating better model
performance [30].

Linear Interpolation emerged as the most consistently reliable method, exhibiting the lowest
MAE, RMSE, and MASE values across all data percentages. For instance, at 10% data missing, linear
interpolation achieved an MAE of 0.218, an RMSE of 1.238, and a MASE of 0.170, remaining stable
as the data percentage increased. While the error metrics increased slightly with higher data percentages
(MAE = 0.458 at 20% and MAE = 0.666 at 30%), it still outperformed the other methods. These
results highlight linear Interpolation as the most efficient and stable choice for predictive modeling in
scenarios where simplicity and computational efficiency are key.

In contrast, Spline Interpolation showed higher error values, particularly as the data percentage
increased. At 10%, the MAE was 0.267, RMSE was 1.473, and MASE was 0.204, which was higher
than Linear Interpolation. As the data percentage grew, spline interpolation's performance deteriorated,
with MAE reaching 0.851, RMSE at 2.714, and MASE at 0.657 at 30%. This information suggests
that while spline interpolation can model complex relationships in the data, its accuracy declines as the
dataset expands, likely due to overfitting or an inability to generalize well to larger datasets. Therefore,
while spline might be more suitable for datasets with highly non-linear trends, its use requires careful

management of data size and complexity to avoid compromising predictive accuracy.
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Figure 4 Performance metrics across interpolation methods.

Stineman interpolation exhibited performance similar to linear interpolation, with small increases
in error as data percentages rose. At 10%, it had MAE = 0.219, RMSE = 1.247, and MASE = 0.171,
closely mirroring linear interpolation. As the data percentage increased, its performance remained
relatively stable, with MAE = 0.669 at 30%. This makes stineman interpolation a solid alternative to
linear interpolation, providing a balanced approach when small improvements in accuracy are needed
without significantly increasing model complexity or computational costs.

On the other hand, moving average interpolation demonstrated the highest error rates across all
metrics and data percentages. At 10%, the MAE was 0.462, RMSE was 1.360, and MASE was 0.246,
which gradually worsened as the data percentage increased. By 30%, moving average had the highest
MAE (0.890), RMSE (2.329), and MASE (0.553), suggesting it was the least accurate method for this
dataset. This consistent underperformance implies that while moving average might be effective for
smoothing short-term fluctuations, it struggles with capturing the underlying patterns in more complex
datasets, especially as the data size increases.

The consistent outperformance of linear interpolation, despite its algorithmic simplicity, provides
a compelling argument for its use in long-term tropical meteorological data interpolation. This finding
cautiously challenges the assumption that more complex, non-linear methods are inherently superior for
time-series data. Our results align with studies like [31], who found linear interpolation effective for
filling missing data due to its stability, and contrast with studies that champion spline methods for
specific, short-term applications [8, 9]. The discrepancy with spline-based studies can likely be attributed
to the long-term nature of our dataset and the inherent characteristics of meteorological variables. Over
a 14-year period, the high-frequency fluctuations that spline methods excel at capturing may represent

noise rather than signal.
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The propensity of spline interpolation to generate extreme values (e.g., rainfall up to 838.5 mm)
indicates overfitting, where the model captures random variations in the data rather than the true
underlying climatic trend. This is a critical limitation in climate studies where preserving the statistical
distribution of variables is paramount. The poor performance of the moving average method underscores
its inadequacy for precise data interpolation, confirming its role as a smoothing technique rather than a
reliable gap-filling tool [32].

To further investigate the source of the high aggregate errors observed in spline and moving
average methods, we analyzed the contribution of each meteorological variable to the overall error
metrics. The results indicate that variables with high variability and intermittent behavior, particularly
rainfall, contribute disproportionately to the total error. It is due to the presence of abrupt changes and
extreme values, which are not well captured by smoothing-based interpolation techniques such as spline
and moving average. In contrast, variables with relatively stable temporal patterns, such as temperature
and humidity, exhibit lower error values across all interpolation methods. This finding is consistent with
previous studies indicating that interpolation performance is highly dependent on the statistical
characteristics of the variable, including variance, continuity, and distribution shape [33, 34]. These
results suggest that the instability observed in spline interpolation is not uniform across variables but is
primarily driven by highly fluctuating time series. Therefore, the selection of interpolation methods
should consider variable-specific characteristics, particularly when dealing with non-stationary or
extreme-value-dominated data [35, 36].

The generalisability of these findings is strengthened by the study's use of a long-term (2010-
2023), high-resolution (daily) dataset encompassing key meteorological variables in tropical regions.
While the data is from a specific tropical region in Indonesia, the methodological framework and the
comparative analysis of fundamental interpolation algorithms are universally applicable. The results are
most directly generalizable to regions with similar climatic regimes (e.g., humid tropics). However, the
core finding that simple, stable methods like linear interpolation can be optimal for long-term trend
preservation is a significant insight that likely extends to temperate and other climate zones. The study's
external validity is contingent on MCAR assumption. For data missing not at random (MNAR), such as
systematic sensor failures during extreme weather, the performance of these methods may differ, and
the generalisability would need to be re-evaluated.

This research carries important implications for the theoretical framework of time-series
interpolation and environmental data science. It provides empirical evidence that challenges the
"complexity equals accuracy" paradigm often assumed in numerical analysis. For long-term climatic
datasets, where the goal is often to preserve low-frequency trends and central tendencies for climate
modeling and analysis, a simpler model can be not only sufficient but optimal. This supports the principle
of parsimony (Occam's razor) in the context of geoscientific data curation. Our findings suggest that the
theoretical optimality of higher-order polynomials in interpolation does not necessarily translate to
practical superiority in real-world, noisy, long-term environmental datasets, thereby refining the

theoretical expectations for applying these methods in climatology.
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Future research should build upon this study’s benchmark of interpolation performance in long-
term meteorological data by systematically comparing the demonstrated stability of simple interpolation
under MCAR conditions with methods that explicitly capture temporal dependence, spatial correlation,
and nonlinear relationships. Promising directions include (i) spatio-temporal kriging and hybrid
interpolation approaches that leverage information from neighbouring stations [37, 38], (ii) multiple
imputation frameworks that account for uncertainty through repeated data reconstruction [39, 40], and
(iii) machine-learning and ensemble techniques, such as LightGBM and stacked models, which have
shown strong capability in handling complex environmental data gaps [41, 42]. In particular, hybrid
strategies such as combining linear interpolation for low-variance variables with machine learning or
kriging for highly volatile variables like rainfall, or modelling interpolation residuals using data-driven
methods offer a balanced approach between robustness and adaptability. Additionally, future studies
should validate these findings across diverse climatic and geographical settings, extend the evaluation
framework to other environmental domains (e.g., hydrology and air quality), and rigorously assess
method performance under more realistic missing data mechanisms, including MAR and MNAR. Such
comprehensive investigations will help establish practical, context-sensitive guidelines for selecting
appropriate imputation techniques in real-world applications.

For practitioners, including meteorologists, climatologists, and data curators, our findings offer
a clear and actionable recommendation: linear interpolation should be the default, first-choice method
for imputing missing values in long-term daily meteorological time series. Its implementation is
straightforward, computationally efficient, and readily available in most statistical software packages
[31, 43, 44]. This practice can significantly enhance the quality and homogeneity of climate datasets
used for operational forecasting, agricultural planning, and renewable energy assessment. The study also
provides a practical warning against the uncritical use of spline interpolation for variables with high
variance, such as rainfall, as it can introduce significant biases and artificial extremes that distort
subsequent analyses.

At a policy level, reliable data is the cornerstone of evidence-based decision-making for climate
adaptation and mitigation strategies, directly supporting the targets of Sustainable Development Goal 13
(Climate Action). This study provides a validated, low-cost methodological standard for improving the
quality of national meteorological archives. National bodies, such as BMKG in Indonesia, can integrate
these findings into their data management and quality control protocols. By standardizing the use of the
most effective interpolation technique, policymakers can be more confident in the climate trends and
extremes derived from historical data, leading to more robust national climate risk assessments, disaster
preparedness plans, and sustainable agricultural policies. Ensuring data integrity at this fundamental level
strengthens the entire chain of evidence used to inform critical climate policy.

Despite the robust findings, this study has several limitations. First, the simulation was based
on the MCAR assumption. In reality, missing data in meteorology can be systematic MNAR and MAR
also. The direction of potential bias here is unpredictable and would require a separate investigation.

Second, the study was conducted on data from a single geographical location. While the methodology
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is sound, the absolute performance of each method may vary in regions with fundamentally different
climate dynamics (e.g. arid or polar regions). Third, we focused on univariate interpolation methods.
While this is common practice, spatiotemporal interpolation methods that incorporate data from
neighboring stations could potentially yield better results, though they require more complex data and
models. Finally, the moving average method's performance is sensitive to the window size (k), which
was fixed in this study; optimizing this parameter for each variable might have altered its relative

performance, though it is unlikely to have surpassed linear interpolation.

Conclusions
This study assessed the effectiveness of four interpolation methods; linear, spline, stineman, and
moving average, under varying levels of missing data (10%, 20%, and 30%) using three performance
metrics: MAE, MASE, and RMSE for long term tropical meteorological data. The results indicate that
spline interpolation performs well for modeling complex data relationships, but its accuracy declines as
the dataset size increases. While suitable for non-linear trends, its use requires careful management of
data complexity to avoid reduced accuracy. Moving average interpolation, although computationally
simpler, exhibited the highest error rates across all levels of missing data, making it less suitable for
high-precision tasks. It struggled to capture underlying patterns, particularly as data sparsity increased.
In contrast, stineman interpolation offered a balanced solution, yielding modest improvements
in accuracy without substantial computational cost. However, linear interpolation consistently
outperformed the other methods, demonstrating the lowest error values across all performance metrics
and missing data levels. Its efficiency and stability make it the optimal choice for predictive missing
value when simplicity and computational efficiency are essential. This robustness makes it well-suited
for applications requiring accurate data recovery, even with increasing data loss. Overall, the findings
provide a practical framework for selecting interpolation methods based on data characteristics and
accuracy requirements. In conclusion, by identifying linear interpolation as the most robust method for
handling missing data in long-term meteorological series, this study provides a practical and effective
solution for enhancing climate data integrity. The improved data quality directly contributes to the targets
of SDG 13 by strengthening the capacity for climate change assessment, planning, and management,

thereby supporting actionable climate initiatives.
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