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Abstract

Daily rainfall data plays an important role in hydrological and climatological analysis, especially in tropical regions characterised
by high rainfall variability and sharp seasonal changes. However, observational data often has gaps, which can reduce model
accuracy and obscure relevant climatological signals. This study addresses these issues by applying the Trend-Based Window
Imputation (TBaWI) method, an adaptive imputation approach that considers local temporal trends and seasonal dynamics in
estimating missing rainfall values. This method was tested using CHIRPS data for the Makassar region for the period 2014-2023
with synthetic data loss scenarios of 10%, 15%, 20%, and 25%. The results show that TBaWI consistently provides a lower Mean
Absolute Error (MAE) value, namely 6.14-7.65 mm, compared to linear interpolation, which produces 6.46—7.75 mm. The
SMAPE value of TBaWI is also lower, for example 33.16% in the 15% data loss scenario, compared to interpolation at 35.06%.
In addition, this method showed an improvement in the ability to identify dry days through the Zero Hit Rate (ZHR), which
reached 60.08% in the 20% data loss scenario, higher than the interpolation of 58.32%, while the Rainy Hit Rate (RHR) remained
in a stable range of 79-88%. These findings indicate that TBaWI is more effective in maintaining climatological consistency and
numerical accuracy of tropical rainfall data. Further research is expected to integrate spatial aspects and optimise machine
learning-based parameters to improve the generalisation of the method under various climatic conditions.
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Introduction

Rainfall data plays a vital role in various fields, such as climate analysis, hydrological modeling, agricultural
planning, as well as disaster risk mitigation [1], [2], [3], [4]. In tropical regions such as Indonesia, seasonal rainfall
patterns that tend to be extreme make daily rainfall data an important element in the data-driven decision-making
process [3], [5], [6]. As happened to the observation system in Makassar City, especially the Paotere Maritime Station
which represents the coastal area and the BMKG Hasanuddin Station (Maros) which reflects the land area. These two
stations play a strategic role in rainfall monitoring in western South Sulawesi, but often experience data gaps [7] . This
kind of data loss not only creates bias in basic statistical analysis and precipitation trend tracking, but also has a direct
impact on the accuracy of hydrological modeling as well as the effectiveness of early warning systems. In the context
of increasingly real climate change, the availability of complete rainfall data is increasingly crucial. An increase in the
frequency and intensity of extreme rainfall in various tropical regions, such as the southern part of Java Island,
indicates a shift in the re-period of extreme events [8]. The lack of data in these conditions has the potential to obscure
important climatological signals and reduce the accuracy of analyzing climate change and evaluating the risk of
hydrometeorological disasters. Therefore, an imputation method is needed that is not only numerically accurate, but
also capable of representing climatological patterns consistently, especially in tropical regions that have a high level
of rainfall variability.

Efforts to overcome the problem of data loss are generally carried out using simple methods such as mean, median,
Linear Interpolation or Naive Bayes [9], [10], [11]. This approach is popular for its ease of implementation, but it has
limitations in representing the discrete, seasonal, and highly volatile characteristics of tropical rainfall [12], [13], [14].
In some cases, very low or zero rainfall values also pose a challenge in estimation, as they can lead to zero probability
in the classification model, so smoothing techniques are needed to maintain the accuracy of the estimate [15]. The
interpolative method also often produces over-smoothed values, thus failing to capture the sharp transition between
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dry days and high-intensity rainy days [16], [17], [18], [19]. In addition, model-based approaches such as machine
learning and artificial neural networks often require large training data and high computing resources, which are not
always available at the observation site [20], [21], [22], [23], [24]. Nevertheless, some lightweight learning approaches
such as Gaussian Naive Bayes or simple neural networks can be applied to small datasets efficiently without the need
for special hardware. Although a number of studies have examined statistical model-based imputation techniques as
well as adaptive interpolation, studies that explicitly consider the seasonal dynamics typical of the tropics and maintain
climatological balance in the missing data are still limited [25],[26].

To answer this gap, this study introduces Trend-Based Window Imputation (TBaWIl), a Trend-Based imputation
method with seasonally adaptive windows for daily rainfall in tropical settings that leverages local trend direction and
strength to impute missing values, improving accuracy while preserving wet—dry occurrence patterns. The method is
validated on CHIRPS data under multiple missingness levels using MAE, SMAPE, ZHR, RHR, and Pearson
correlation, and is benchmarked against linear interpolation.
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Figure 1. llustration of the TBaWI Method

Figure 1 illustrates the basic mechanism of TBaW!I in estimating lost rainfall values by utilising local trends
around the data loss points. Black dots indicate actual observation data, while green dots mark lost values. The blue
area represents the imputation window used to analyse data change patterns around the missing points. The red line
shows the analysed local trend calculated based on valid data within the window. The missing values are then
estimated following the direction and slope of the local trend so that the imputation results remain consistent with the
dynamics of rainfall changes around the missing point.

This method combines three main components, namely (1) Kalman Filter to reduce noise and maintain signal
stability, (2) Gaussian Masked Smoothing to maintain temporal continuity, and (3) adaptive window based on local
variance to global variance ratio to dynamically adjust the estimated size. The purpose of this study is to evaluate the
effectiveness of TBaW!I in imputing tropical daily rainfall data compared to conventional interpolative methods.

Method

This research began with the collection of daily rainfall data from the Climate Hazards Group InfraRed
Precipitation with Station (CHIRPS) satellite. Synthetic data loss scenarios of 10%, 15%, 20%, and 25% were then
integrated with the original dataset for comparison at the evaluation stage. The combined dataset then underwent
comprehensive pre-processing, which included outlier detection using Modified Z-score, adaptive filtering through
Kalman Filter, and temporal smoothing using Gaussian Smoothing. The imputation stage was performed using the
TBaWI method, which estimates missing values based on temporal dynamics and seasonal context“The performance
of this method was evaluated using MAE, modified SMAPE, ZHR, RHR, and Pearson correlation (r). A summary of
the complete analytical workflow from data acquisition, scenario construction, pre-processing, imputation, to
evaluation is systematically described in Figure 2.
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Figure 2. Research design

In this paper, rainfall at day t is denoted by x_t (mm). The observed time series containing missing values is y t,
where y_t may be NaN at missing positions. The imputed estimate is denoted by X t. A day is considered “dry” if
rainfall is below r_0, where r_0 = 0.1 mm. Seasonal parameters include maximum window size w_max, minimum
window size w_min, seasonal backward weight w_b (weight_before), exponential decay factor 6 (weight decay), and
seasonal zero tolerance 6 0 (zero_threshold).

A. Data Collections

The dataset used in this study comes from the CHIRPS satellite at the coordinates of Makassar City (119.41° E,
5.13° LS) with a spatial resolution of 0.05° and a daily temporal resolution. The data period used covers the years
2014 to 2023, then a simulation of synthetic data loss is carried out with four scenarios of the proportion of data lost,
namely 10%, 15%, 20%, and 25%. Each missing scenario is randomly generated to represent the state of data loss due
to sensor interference or observation errors. The dataset consists of three main columns, namely Date as the time of
recording, RR_Original as the actual rainfall value, and Missing as a column containing values that are randomly
deleted according to the data loss scenario. The selection of CHIRPS is based on the completeness of the data and its
good validation of surface observations in the territory of Indonesia [27], [28].

B. Data Pre-processing

The pre-processing stage is designed to (i) suppress abnormal extreme values (outliers) and (ii) produce a more
stable series to support the subsequent imputation process. The output of this stage is denoted by z,, which is used as
the main input for estimating the imputed values X,.

To distinguish observed and missing positions, an observation indicator is defined as:

ey

. {1, Y, is observed
e =10, vV, is missing (NaN)

a. Outlier Treatment using Modified Z-score

Outliers are identified using the modified Z-score based on the median and the MAD (Median Absolute
Deviation). The median of observed values is:

¥ = median{y, | m; =1} 2

and the MAD is computed as:
MAD = median{ |y, —5| [m,=1)} 3
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The modified Z-score is defined by:

. |y — 7|
Zi = 0.6745— 7 (4)
Following the implementation, a data point is flagged as an outlier when:
Z{>35

When an outlier is detected, its value is replaced by a local median computed within a +3-day neighborhood (ignoring
NaN values in the window):

yt(l) =median{y, |t € [t —3,t + 3], m; =1} 5
For non-outlier positions, values remain unchanged (yt(l) = V).
b. Adaptive 1D Kalman Filtering (Optional, Missing-only Update)

To obtain a smoother and more robust series against random fluctuations, a one-dimensional Kalman filter is
applied using a random-walk model with measurement matrix H = 1. The noise parameters are set adaptively from
the data variance:

o= Var{yt(l)} (6)

2

2
Q = clip (%' 0.05 0.30), R = dlip (% 0.50- 2.00) (7)

Let k.denote the Kalman-filtered output at time t. Consistent with the proposed design, Kalman filtering is used only
to fill missing locations in the original series, while observed values are preserved:

yt(Z) =m; yt(l) + (1 -m)k, (8)

c. Masked Gaussian Smoothing (Missing-only Update)

After the Kalman step (when enabled), Gaussian smoothing is employed to produce a more gradual day-to-day
pattern. To prevent missing entries from biasing the smoothing operation, a masked Gaussian smoothing scheme is
used with:

g, =03

Let G,,gbe the 1D Gaussian kernel and *denote convolution. The masked-smoothed value g.is computed as:

_ (Goy * 0P ),
(Gag *m),

gt €C))

Similar to the Kalman step, Gaussian smoothing is applied only at the originally missing indices, ensuring that
observed values remain intact. The final pre-processed series is defined by:

Zy =My yt(Z) +(1-m) g, (10)

The resulting series z,is subsequently used to determine the adaptive window and to estimate the imputed rainfall x;.
C. Imputation with TBaWI

After the preprocessing stage, missing values in the observed rainfall series y.are imputed using the TBawI
approach. Unlike conventional interpolation with fixed neighborhoods, TBaWI adapts its estimation behavior by
considering (i) seasonal characteristics and (ii) local variability around the missing index. Let z.denote the pre-
processed rainfall series obtained from the previous stage, and let £.denote the imputed estimate at time t. A day is
considered dry when rainfall is below r,, where r, = 0.1mm.
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a. Season Detection

A key component of TBaWI is the seasonal-aware configuration. The seasonal category is determined
automatically from the month of observation using a month-dependent rainfall probability p(m). The season
category s(t)is assigned by the following rule:

- Heavy wet season if p(m) = 0.70

- Light wet season if 0.45 < p(m) < 0.70

- Transitional dry if 0.30 < p(m) < 0.45

- Heavy dry season if p(m) < 0.30

The classification of the seasons can be seen in Table 1.

Table 1. Month-based rainfall probability and season category

Month Probability of Rain Season Category
Jan 0.85 Heavy Wet
Feb 0.80 Heavy Wet
Mar 0.70 Heavy Wet
Apr 0.55 Light Wet
May 0.35 Transitional Dry
Jun 0.20 Heavy Dry
Jul 0.10 Heavy Dry
Aug 0.10 Heavy Dry
Sep 0.25 Heavy Dry
Oct 0.45 Light Wet
Nov 0.65 Light Wet
Dec 0.80 Heavy Wet

The assigned season s(t)controls the configuration of imputation parameters, including window size and
weighting behavior. This design enables the imputation process to better follow typical tropical rainfall
dynamics.

b. Season Configuration

Once the season category is determined, TBaW!I assigns a season-specific parameter set. The regulated
parameters include:

- maximum window Size Wy,

- backward-side weight wy, (weight assigned to the “before” side),
- exponential decay factor &,

- zero tolerance threshold 6,(used in dry-pattern checking).

Each season has its own configuration as summarized in Table 2.

Table 2. Seasonal parameter configuration

Season Winax Wy ) 6o
Heavy Wet 5 0.60 0.80 0.10
Light Wet 4 0.55 0.85 0.20
Trans. Dry 4 0.50 0.90 0.30
Heavy Dry 3 0.45 0.95 0.40

A minimum window size wy,;,, is enforced for all seasons (in this study, wy, = 2).
c. Adaptive Window Size Estimation

The adaptive window size (Wygaptive) in the TBaWI method is determined based on the comparison
between local variance and global variance of rainfall data. Local variance (a2 ,;) is calculated from valid data
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around the missing point by considering the forward (after) and backward (before) directions separately.
Meanwhile, the global variance (g;,54;) is calculated from the entire time series of pre-processed rainfall data
so that it reflects the general stability of rainfall patterns during the observation period.

The adaptive window size in TBaW!I is determined by comparing local variance around the missing point
with the global variance of the entire pre-processed series. The variance of a sample is computed as:

o? =%Z(ui—a)2 (11)
i=1

where u;are sample observations and s the sample mean.

For a missing index t, local variability is measured separately on the backward and forward sides (within
the seasonal maximum window). Let o3,4(t)and oZ,4(t)denote the local variances computed from valid
values of z;in the backward and forward neighborhoods, respectively. To accommodate asymmetry, a
directional combination weight w,.is defined as:

0.7, 0f.q(t) > 2 02,4t
Wy =103, 0,q(t) > 202,4() (12)
0.5, otherwise

The combined local variance is then computed by:
O-l%)cal(t) = Wy O-t?wd(t) +(1-w) O-f%/vd(t) (13)

Let nglobalbe the variance of the full pre-processed series {z;}. The variance ratio is bounded to prevent
extreme shrinking:

2

p(t) = min(0,95. %1(@) .
global

Finally, the adaptive window size is computed as:

Wadaptive = maX{Wmin' min{Wmax' VVmax(1 - P(f)0'7)}} (15)

where wp,.«1S selected from Table 2 based on the season s(t).

Missing Value Estimation Strategy

After determining w(t), the missing rainfall is estimated using valid values around t. The window is split
into backward and forward parts using the seasonal weight w,,:

w () = lw(©) wp|,w*(©) = w(t) —w(t) (16)

Let n,and n,denote the numbers of valid (non-NaN) samples available on the backward and forward sides,
respectively.

Dry-pattern (zero-pattern) check

To avoid generating false rainfall during dry conditions, TBaWIl computes the proportions of near-zero
values (below r,) on both sides:

np Ng
1 1
Zbefore(t) = Tl_bz l[zt—i < TO]rZafter(t) = Tl_z 1[Zt+j < 7"0] (17)
i=1 =

If both proportions exceed the seasonal tolerance threshold 68, the missing value is set to zero:

Zbefore(t) > 90/\ Zafter(t) > 90) = xA—t =0 (18)
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f. Exponential weighting on both sides

If the dry-pattern condition is not met, estimation is performed using exponential decay weighting with
factor §. The backward-side estimate is:

an 6nb—i+1 Zp_
=1

£ ===l 19
xbefore(t) ZLn=b1 6"17‘“’1 ( )
and the forward-side estimate is:
Yt §it g,
o _ ~j=1 J
xafter(t) = W (20)
The final imputed value is obtained by combining both sides using wy,:
Qt = Wp k\before(t) + (1 - Wb) fafter(t) (2 1)

If only one side provides valid samples, the estimate uses that side only. If both sides have no valid samples,
x.falls back to the mean of {z,}(or 0if undefined). Finally, the estimate is constrained to be non-negative:

%; = max(0,%;) (22)

D. Evaluation of imputation results

To evaluate the performance of TBaW!I in reconstructing missing rainfall values, a quantitative assessment
is conducted by comparing the imputed estimates X;against the corresponding ground-truth values x;only at the
indices that are simulated as missing. The evaluation emphasizes not only numerical accuracy but also the
preservation of tropical rainfall characteristics, particularly the correct identification of dry and rainy days using
the dry-day threshold ry(with ro = 0.1mm).

Let n be the number of evaluated missing points :
a. Modified Symmetric Mean Absolute Percentage Error (modified SMAPE)
A stabilized and modified SMAPE is used to avoid undefined behavior near zero rainfall. With stabilizer

€ = 0.5, the metric is defined as :

if (x; < )N (X < ¢€);

100y [ @
SMAPE, = (—)Z X — % , 23
€ n /s lL—All, otherwise (23)
i=1 x| + |%;1 + €

with:

- x;: actual rainfall value (mm),

- X;: imputation result value (mm),
- n: the amount of data evaluated,
- €=05

Smaller SMAPE values indicate more accurate estimates.
b. Mean Absolute Error (MAE)

MAE is used to measure the average of the absolute difference between the actual value and the imputation
result [29], [30]. This metric provides an intuitive numerical error measure in the same unit as rainfall data.

n
1
MAE=£-Z|xi—J?iI (24)
i=1
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The smaller the MAE value, the better the method performance in minimizing estimation errors.
Zero Hit Rate (ZHR)

The ZHR measures the method's ability to recognize days without rain (rainfall value < 0.1 mm). This
metric is calculated as the proportion of the number of dry days that are successfully correctly predicted against
the actual total dry days.

TPy,

ZHR = -100% (25)

dry
with:
- TPgy: the number of actual dry days that are also predicted to be dry,

Ngyy: total actual dry days (value x; < 0.1).
The higher the ZHR value, the better the model's ability to maintain a representation of a dry day.
Rainy Hit Rate (RHR)

The RHR measures the method's ability to recognize rainy days (rainfall value > 0.1 mm). It is calculated
as the percentage of actual rainy days that are predicted to rain.

TPyq;
RHR = —="-100% (26)
rain

with:

- TP..n: the number of actual rainy days that are also predicted to rain,
N,qin: Total Actual Rainy Day (value x; = 0.1).

ZHR and RHR are jointly used to assess the model's ability to maintain a balance between dry and wet events.
Pearson Correlation (r)

Pearson correlation is used to assess the strength and direction of the linear relationship between the
imputation result data and the actual data.

B Cov(x, %)

2
or - 0% (27)

with:

- Cov(x, X): the covariance between the actual value and the imputation result,
- 0y, 0% the standard deviation of each variable.

Values closer to 1 indicate stronger agreement in temporal variation.

This evaluation is conducted only at the indices that are simulated as missing, so the reported metrics
directly reflect the method’s capability to reconstruct values that are unavailable in the observed series. The
metrics are used jointly to provide a comprehensive assessment: MAE measures absolute error, modified
SMAPE captures proportional error under near-zero rainfall conditions, ZHR and RHR evaluate the
preservation of dry—wet event patterns that are critical in tropical hydrological analysis, and Pearson’s
correlation indicates whether temporal rainfall variability is consistently maintained after imputation.

Results and Discussion

A. Results

The performance evaluation of TBaWI was conducted using CHIRPS daily rainfall data for the 2014-2023 period
under four synthetic missingness levels (10%, 15%, 20%, and 25%). The imputation results were benchmarked against
linear interpolation as a baseline, and the comparative performance is summarized in Table 3.
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Table 3. Average Results of TBaWI Evaluation and Linear Interpolation (2014—-2023)

Missing (%) Method MAE SMAPE ZHR (%) RHR (%) r

TBawlI 7.65 33.59 66.29 84.88 0.52

10 Linear Interpolation 7.75 34.32 63.03 86.36 0.52

15 TBawl 6.14 33.16 66.61 79.89 0.56
Linear Interpolation 6.46 35.06 62.37 84.25 0.57

TBaWI 6.31 34.93 60.08 88.06 0.56

20 Linear Interpolation 6.50 35.80 58.32 91.55 0.58

. TBawlI 6.23 34.99 59.51 86.10 0.51
Linear Interpolation 6.67 35.25 62.07 84.94 0.50

Overall, TBaWI consistently achieves lower MAE and SMAPE than linear interpolation across all missingness
scenarios. In terms of MAE, TBaWI improves over linear interpolation by approximately 1.29% (10%), 4.95% (15%),
2.92% (20%), and 6.60% (25%). Similarly, SMAPE is reduced by about 2.13% (10%), 5.42% (15%), 2.43% (20%),
and 0.74% (25%), indicating more stable magnitude estimates under the highly skewed and intermittent nature of
tropical rainfall.

For occurrence-based metrics, TBaW!I yields higher ZHR than linear interpolation at 10-20% missingness (e.g.,
66.61% vs 62.37% at 15%), suggesting better preservation of dry-day (zero rainfall) structure in these scenarios.
However, at 25% missingness, ZHR is lower for TBaW!I (59.51%) than for linear interpolation (62.07%), indicating
that dry-day preservation becomes more challenging under heavier data loss. In contrast, linear interpolation shows
higher RHR at 10-20% missingness, whereas at 25% missingness TBaW!I becomes slightly higher (86.10% vs
84.94%). Pearson correlation values remain comparable for both methods (approximately 0.50-0.58), showing similar
agreement in temporal variability.

B. Discussion

The consistent improvements in MAE and SMAPE can be attributed to TBaWI’s adaptive window mechanism
and seasonal weighting, which prioritize locally relevant temporal information and reduce the influence of less
representative points during periods with different rainfall regimes. This design is particularly important for tropical
rainfall time series, where variability is sharp, episodic, and highly seasonal.

The occurrence metrics (ZHR and RHR) reveal a meaningful trade-off between preserving dry-day structure and
rainy-day occurrence, depending on the missingness level. At 10-20% missingness, the higher ZHR obtained by
TBaWI indicates that the zero-pattern check helps reduce false non-zero (“light-rain”) imputations on truly dry days,
which is hydrologically relevant because dry days typically dominate tropical rainfall records. Meanwhile, linear
interpolation tends to produce small non-zero values between surrounding points, which explains its higher RHR at
10-20% missingness—interpolation more readily classifies days as rainy even when the true occurrence is uncertain.

At 25% missingness, TBaWI maintains stronger magnitude accuracy (lower MAE and SMAPE) and slightly
higher RHR, but its ZHR drops below the baseline. This suggests that under heavier data loss, the occurrence decision
becomes less reliable and the balance between preserving dry-day zeros (ZHR) and non-zero events (RHR) can shift.
Nevertheless, the correlation values remain similar between methods, indicating that both approaches capture
comparable overall temporal co-variation, while TBaW!| provides more consistent gains in magnitude accuracy and
competitive preservation of the wet—dry event structure.

Conclusion

This study demonstrates that TBaWI imputes tropical daily rainfall data more accurately and consistently than
linear interpolation, while better preserving wet—dry occurrence patterns. The combination of seasonally adaptive
windows, dry-pattern checks, and seasonal weighting enables TBaWI to produce stable estimates that remain
consistent with the climatological characteristics of the study area. A key limitation is that TBaW]I relies on empirical
parameter settings, is univariate in nature, and is primarily evaluated under synthetic missingness (random masking),
which may not fully represent real-world missing-data mechanisms. Future work should incorporate spatial
information and automatic parameter optimisation to improve generalisability across diverse climatic conditions.
Practically, TBaWI is well-suited for reconstructing daily rainfall time series in tropical regions where preserving dry—
wet event structure is critical for hydrological analysis and downstream modelling.
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