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Abstract

The Philippines experiences intense rainfall but has limited ground-based monitoring
infrastructure for flood prediction. Satellite rainfall products provide broad coverage but
contain systematic biases that reduce operational usefulness. This study evaluated whether
three correction methods—Quantile Mapping (QM), Random Forest (RF), and Hybrid
Ensemble—maintain accuracy when applied to future periods with substantially different
rainfall characteristics. Using the Cagayan de Oro River Basin in Northern Mindanao
as a case study, models were trained on 2019-2020 data and tested on an independent
2021 period exhibiting 120% higher mean rainfall and 33% increased rainy-day frequency.
During training, Random Forest and Hybrid Ensemble substantially outperformed Quantile
Mapping (R? = 0.71 and 0.76 versus R? = 0.25 for QM). However, when tested under realistic
operational constraints using seasonally incomplete calibration data (January—April only),
performance rankings reversed completely. Quantile Mapping maintained operational
reliability (R? = 0.53, RMSE = 5.23 mm), while Random Forest and Hybrid Ensemble
failed dramatically (R?> dropping to 0.46 and 0.41, respectively). This demonstrates that
training accuracy poorly predicts operational reliability under changing rainfall regimes.
Quantile Mapping’s percentile-based correction naturally adapts when rainfall patterns
shift without requiring recalibration, while machine learning methods learned magnitude-
specific patterns that failed when conditions changed. For flood early warning in data-
limited basins with equipment failures and variable rainfall, only Quantile Mapping proved
operationally reliable. This has practical implications for disaster risk reduction across
the Philippines and similar tropical regions where standard validation approaches may
systematically mislead model selection by measuring calibration performance rather than
operational transferability.

Keywords: satellite rainfall monitor; quantile mapping; random forest; temporal transferability;
flood early warning; Philippines
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1. Introduction

Accurate rainfall information is essential for hydrological modeling and disaster risk re-
duction, yet many regions lack dense and reliable ground-based monitoring networks [1,2].
Satellite rainfall products help address these gaps by providing near-global, near-real-time
coverage [3,4], but they often contain systematic biases that limit their direct use in applica-
tions such as flood early warning systems [5,6]. As a result, numerous statistical, machine
learning, and hybrid bias-correction methods have been developed, many of which report
high calibration accuracy [7,8].

Despite these advances, a key uncertainty remains: do correction methods trained on
one period remain reliable when applied to future years with different rainfall patterns?
Most validation studies rely on cross-validation or random train-test splits that assume
stable satellite-gauge relationships over time [9,10], yet several studies have shown that
performance can degrade when models are applied across years [11]. This temporal
transferability problem is particularly critical in the Philippines, where three gaps limit
operational deployment of satellite rainfall correction. First, validation frameworks test
models on the same climate period used for calibration rather than simulating forward
deployment where future rainfall regimes may differ due to interannual climate variability
driven by ENSO, monsoon intensity variations, and changing typhoon tracks. Second,
existing studies assume continuous monitoring networks [12,13], yet Philippine rain gauge
networks experience frequent equipment failures during typhoons, power outages, and
delayed maintenance that create multi-month data gaps [14,15], forcing operational systems
to calibrate models using seasonally incomplete data. Third, the temporal stability of
machine learning approaches remains uncertain—these methods may learn dataset-specific
temporal patterns that do not generalize to future years [16,17], yet are increasingly adopted
based on high calibration accuracy [18] without rigorous temporal validation. These gaps
have serious consequences: the Satellite Rainfall Monitor (SRM) provides national-scale
rainfall estimates [16] but exhibits systematic biases [18], and during Tropical Storm Washi
(Sendong) in 2011, insufficient rainfall information contributed to more than 1200 fatalities
in northern Mindanao [19], underscoring the operational need for correction methods that
remain dependable under real-world constraints.

The Cagayan de Oro River Basin (CDORB) in northern Mindanao provides an ideal
case study for investigating these questions. The basin experiences high interannual rainfall
variability driven by monsoon fluctuations and variable typhoon exposure, ensuring that
different years present different climate conditions for testing temporal transferability. The
region’s rain gauge network has documented periods of equipment failure and data gaps
during extreme events, allowing realistic assessment of correction methods under incom-
plete calibration data. Furthermore, the basin’s experience with Sendong demonstrates
the high disaster risk and operational need for reliable rainfall information. Finally, the
availability of both ground observations and satellite rainfall estimates (from the Philippine
Satellite Rainfall Monitor) spanning multiple years provides the temporal depth necessary
for rigorous forward-validation experiments.

This study addresses these gaps by assessing the temporal transferability of statistical,
machine learning, and hybrid correction methods in the Cagayan de Oro River Basin
(CDORB). The basin experiences high interannual rainfall variability driven by monsoon
fluctuations and variable typhoon exposure, has documented equipment failures during
extreme events, and has ground observations and Satellite Rainfall Monitor estimates
spanning multiple years. Specifically, this study aims to (a) develop and calibrate correction
algorithms, (b) evaluate temporal transferability, and (c) assess operational viability under
realistic operational conditions. This study makes three key contributions. First, it provides
the first systematic assessment of temporal transferability for satellite rainfall correction
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methods in a Philippine context, filling a critical knowledge gap for operational deployment
of the Satellite Rainfall Monitor in flood early warning systems. Second, it establishes a
rigorous temporal validation framework that simulates realistic operational constraints,
moving beyond the idealized assumptions of cross-validation approaches. Third, it delivers
practical guidance for operational agencies on which correction methods remain reliable
under forward-deployment scenarios and which require recalibration when climate condi-
tions shift, enabling more informed decisions about operational implementation strategies
in data-limited tropical basins.

2. Materials and Methods
2.1. Framework Design

The framework (Figure 1) was designed to operate under three severe constraints char-
acteristic of disaster-prone tropical regions: (1) sparse ground station networks with only
five gauges available in CDORB, (2) short data records limited to two years due to frequent
gauge damage, and (3) equipment failure after April 2020 requiring reliance on seasonally
incomplete calibration data. These represent the harsh realities of maintaining monitoring
networks in regions where typhoons regularly destroy equipment. The framework was
specifically designed to achieve operational accuracy despite these limitations.

| Data Sources |

v v
Automatic Rain
Gauges (ARG)

Satellite Rainfall Monitor
(SRM)

B

Model Development

| | Synoptic Station |

* Quantile Mapping
* Random Forest (RF) Regression
* Hybrid Ensemble

¥ ¥
I Model Training | Operational
(2019-2020) Testing (2021)

| Operational Deployment |

Figure 1. Study framework.

2.2. Study Area

The Cagayan de Oro River Basin (CDORB) is located in northern Mindanao, Philip-
pines (8°15'-8°45" N, 124°30'-125°15' E), covering approximately 1521 km? [20] with
elevations ranging from coastal areas near Cagayan de Oro City (<100 m) to the Kitanglad
Range headwaters (>2000 m) (Figure 1). This steep elevation gradient creates distinct
ecological zones visible in the land cover distribution: closed and open forests dominate the
upper basin (>1000 m elevation), providing watershed protection; agricultural areas (rice,
corn, and agroforestry systems) occupy the mid-to-lower elevations (200-800 m); grassland
and shrubland represent deforested transitional zones; and built-up areas concentrate near
the basin outlet in Cagayan de Oro City, the regional urban center. The basin’s rainfall
monitoring network consists of one synoptic station and five Automated Rain Gauges
(ARGs) distributed across the elevation gradient (Figure 2).
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Figure 2. Study area and location of ARGs and Synoptic Station.

Based on satellite rainfall estimates for 2015-2023 extracted from the Google Earth
Engine, CDORB receives a mean annual rainfall of 2994 + 627 mm (CV = 21.0%), with
annual totals ranging from 2188 mm to 3794 mm, a 73% difference (Table 1). Rainfall shows
clear seasonality consistent with a Modified Coronas Type III climate [21]. The wet season
(May—October) contributes 62% of annual rainfall, driven by the southwest monsoon and
tropical cyclones, while the drier season contributes 38%. Monthly rainfall variability is
substantial: 67-175%, with higher variability during the drier season. This pronounced
interannual and intraannual variability [22], combined with documented gauge failures
during extreme events and the basin’s history of flood disasters (Tropical Storm Sendong,
2011), makes the CDORB ideal for evaluating the temporal transferability of satellite rainfall
correction methods under realistic operational constraints.

Table 1. Annual rainfall variability in CDORB (2015-2023).

Year Rainfall (mm) % of Mean ENSO Phase
2015 2188 73% El Nifio
2016 2456 82% Transitioning
2017 2891 97% Neutral
2018 3124 104% Neutral
2019 2978 99% Neutral
2020 3267 109% La Nifna
2021 3794 127% La Nifia
2022 3156 105% La Nifia
2023 3098 103% Neutral
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2.3. Data Quality Control and Preprocessing

Quality control procedures were applied uniformly to both training and testing
datasets. Negative rainfall values were removed as physically impossible measurements.
Extreme values exceeding the 99th percentile were removed using percentile-based thresh-
olds (67.09 mm for SRM, 58.27 mm for ARG). The decision to remove values exceeding the
99th percentile requires careful justification, given that extreme rainfall events are critical
for flood warning systems. This threshold was applied specifically to remove measurement
errors and data artifacts (such as instrument malfunctions, transmission errors, or sensor
saturation) rather than legitimate heavy precipitation events. The 99th percentile thresh-
old was selected through visual inspection of the data distribution and consultation with
DOST-ASTI data quality protocols, which identified several anomalous readings exceeding
physical plausibility for the basin’s climatology. Post-filtering, the dataset retained 97.9%
of observations, confirming that only a small fraction of extreme outliers were removed.
The correction methods were specifically evaluated on their ability to handle the remaining
range of rainfall intensities (0-67 mm), which encompasses the operationally relevant
spectrum for flood early warning in this basin.

Zero rainfall days were retained throughout all analyses despite constituting 46.7 per-
cent of observations, ensuring operational realism since deployed systems must handle
days without precipitation. The analysis framework treats each ARG station as an inde-
pendent observation point, resulting in station-day records where each day’s rainfall is
recorded separately for all five stations. For the comprehensive training period (January
2019-December 2020, 731 calendar days), this yielded 3655 potential station-day records.
After quality control removed invalid measurements, 3579 valid station-day records were
retained for model development.

2.4. Ground-Based Rainfall Measurements

Ground-based rainfall data served as the reference for developing and validating
correction methods. Five Automated Rain Gauges (ARGs) within CDORB, managed
by DOST-ASTI, provided the primary reference dataset. Each ARG uses tipping-bucket
technology, recording rainfall at 10 or 15 min intervals, with built-in quality control systems
that automatically verify data location, timestamp, value range, and internal consistency
following PAGASA and DOST-ASTI guidelines. Measurements were aggregated into daily
totals (mm/day).

The use of only five ARG stations in CDORB represents a realistic constraint rather
than a limitation, as sparse gauge networks are typical in Philippine river basins due to
equipment costs, maintenance challenges, and typhoon damage. To maximize statistical
power while preserving spatial information, each ARG-satellite pair was treated as an
independent observation point in the station-day framework. This approach is justified
because (1) each ARG station captures spatially distinct rainfall characteristics based on its
location within the basin (coastal lowlands vs. mountainous headwaters), (2) daily rainfall
measurements at different stations exhibit low spatial autocorrelation beyond ~10 km in
tropical convective systems, and (3) the pairing with corresponding satellite pixels ensures
that each observation represents a unique satellite-ground comparison. The resulting
3579 station-day records after quality control provide sufficient sample size for robust
correction model development while acknowledging that spatial coverage is limited by
gauge availability. This station-based approach reflects operational realities and enables
evaluation of correction methods under data constraints that actual flood warning systems
must navigate.

Each of the five ARG stations was paired with its corresponding satellite pixel location,
treating each ARG-satellite pair as an independent observation point. This station-based
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approach preserves spatial variability information while providing sufficient sample size
for robust correction model development. For each day, rainfall measurements from all five
ARG stations were compared with their corresponding satellite estimates, yielding station-
day records as the fundamental analysis unit. Daily rainfall data from the El Salvador
Synoptic Station (operated by PAGASA) were used to validate ARG network reliability
through correlation analysis (Spearman’s p > 0.70 threshold), confirming the ARG network
provided dependable reference observations for correction model development.

2.5. Satellite-Based Rainfall Measurements

Satellite rainfall estimates were acquired through the Satellite Rainfall Monitoring
(SRM) module developed by PHIVOLCS, combining data from NOAA’s NESDIS and
JAXA'’s Global Satellite Mapping of Precipitation (GSMaP). Daily rainfall values (mm/day)
were collected for CDORB using the SRM interface. Virtual rain gauge (VRG) coordinates
were manually matched to actual ARG locations. These matched coordinates enabled direct
comparison between satellite estimates and spatially averaged ground observations at
corresponding locations.

2.6. Correction Methods

Following validation, ARG data were used as the reference for evaluating and correct-
ing SRM measurements. Three correction methods were implemented:

2.6.1. Quantile Mapping (QM)

Quantile Mapping corrects satellite rainfall by aligning its statistical distribution with
ground-based observations using cumulative distribution functions (CDFs):

Yom = Farg(Fsrm(x)) (1)

where x is the uncorrected measurement, Fsgpr(x) converts it to a percentile rank, FEI%G
maps this to the ground-based value, and §,,, is the corrected estimate. QM repre-
sents a purely statistical approach that operates on relative rainfall rankings rather than
absolute magnitudes.

2.6.2. Random Forest Regression (RF)

Random Forest builds multiple decision trees and averages predictions to capture
complex, nonlinear relationships:

1 T
}A’RP = Tzht(x) (2)

where ¥ is the predicted rainfall, x represents input features (SRM value, day of year,
month), 7 (x) is each tree’s prediction, and T is the number of trees. Temporal features (day
of year, month) were included to enable learning of seasonal patterns, including monsoon
cycles and wet/dry season transitions. Hyperparameter optimization yielded the following:
400 trees, a maximum depth of 10, and a minimum of 5 samples per split (Table 2). RF
represents a machine learning approach capable of learning complex correction patterns
but potentially susceptible to overfitting training-period conditions.
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Table 2. Optimal hyperparameter configuration for the Random Forest Regression (RF) model.

Parameter Tested Values Selected Values
N 100, 200, 300, 400 400
depth limits 5,10, 20 10
minimum samples 2,5,10 5

2.6.3. Ensemble Model

The Hybrid Ensemble combines QM and RF using Ordinary Least Squares (OLS)
regression to determine optimal weights:

yensemble =oa+ Bl X yQM + (52 X yRF (3)

where « is the intercept, 31 and 3, are statistically optimized weights, and §,,..,.1. 1S the
final corrected estimate. This hybrid approach attempts to balance QM’s distributional
correction with RF’s adaptive learning capabilities.

2.7. Model Calibration Framework
2.7.1. Comprehensive Calibration (2019-2020)

All three correction methods were first calibrated using the complete 2019-2020 dataset
(January 2019 to December 2020), comprising 3579 daily observations after quality control.
This scenario represents ideal conditions where monitoring networks function continuously
across both wet and dry monsoon phases, providing comprehensive coverage of rainfall
variability. Models were evaluated on the same 2019-2020 training period to quantify
calibration accuracy. Performance metrics included Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), Bias, Nash-Sutcliffe Efficiency (NSE), and Coefficient of
Determination (R?).

2.7.2. Seasonal Stability Assessment

To evaluate whether corrections remain stable across different rainfall regimes within
the calibration period, performance was assessed separately for the following:

1.  Dry season (January—April): lower rainfall frequency and intensity, dominated by
shallow convection

2. Wet season (May-December): higher rainfall frequency and intensity, dominated by
deep convective systems

Seasonal disaggregation tested whether models trained on full-year data maintain
consistent performance when applied to contrasting monsoon phases, which is essential
for year-round operational deployment in flood early warning systems.

2.8. Temporal Transferability Assessment
2.8.1. Operational Testing Scenario

The critical test of operational viability is whether correction methods maintain ac-
curacy when applied to future periods with different rainfall characteristics—particularly
under realistic constraints where equipment failures limit calibration data availability. To
simulate operational constraints typical of Philippine river basins, all models were retrained
using only January—April 2019-2020 data. This reflects the reality in CDORB where the
ARG network became non-operational after April 2020 due to equipment failures, a com-
mon scenario where typhoon damage creates multi-month monitoring gaps and flood early
warning systems must function despite incomplete annual data coverage.
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2.8.2. Independent Validation Period

Models trained on January—April 2019-2020 were then tested on January—April 2021,
an independent future period exhibiting substantially different rainfall conditions. This
regime-shift scenario tests whether corrections transfer reliably across years when natural
interannual climate variability (influenced by ENSO phases and monsoon intensity fluctua-
tions) alters rainfall characteristics. This design explicitly evaluates temporal transferability.

2.8.3. Transferability Metrics

Temporal transferability was quantified by comparing performance stability between
training and testing periods. Performance stability metrics included the following:

e  Absolute R? change (AR?) = R?%4est — RZ41ain;
e  Percentage R2 change (%AR?) = [(R%test — R%train)/RPtrain] % 100;
e  Consistency of error metrics (RMSE, MAE, Bias) between training and testing;

Following the thresholds established in hydrological studies [23,24], a correction
method was considered operationally viable if it met the following four criteria in both
training and independent validation periods: R? > 0.50 (adequate predictive skill), NSE >
0.50 (acceptable model efficiency), RMSE < 10 mm/day (operationally acceptable error),
and |Bias| < 30% (reasonable systematic error). Methods failing to meet these thresholds
during independent validation were classified as unsuitable for operational deployment,
regardless of training performance.

2.9. Evaluation Metrics

Statistical metrics included Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Bias, Nash-Sutcliffe Efficiency (NSE), and Coefficient of Determination (R?). Perfor-
mance classification followed thresholds established in hydrological studies [23,24], which
are summarized in Table 3.

Table 3. Threshold classification for evaluation metrics.

Metric Unsatisfactory Satisfactory Good Very Good
R? <0.50 0.50-0.75 0.75-0.90 >90

RMSE >15 mm/day 10-15mm/day 5-10mm/day <5 mm/day
MAE >10 mm/day 6-10 mm/day  3-6 mm/day <3 mm/day
NSE <0.50 0.50-0.65 0.65-0.75 >0.75

PBias >+0.25 +15-25 +10-15 <10

2.10. Software and Code Availability

All analyses were conducted in Python 3.12.12 within the Google Colab environment
(Google LLC, Mountain View, California, USA). The study utilized scikit-learn 1.6.1 for
implementing Random Forest models, NumPy 2.0.2 for numerical computations, and SciPy
1.16.3 for statistical analyses. Python scripts for Quantile Mapping, Random Forest, and
Hybrid Ensemble correction methods are available from the corresponding author upon
reasonable request. QuantileTransformer from scikit-learn implemented Quantile Mapping
with the number of quantiles adapted to sample size (100 quantiles for comprehensive
training, 50 quantiles for seasonally limited operational training). RandomForestRegressor
from scikit-learn implemented Random Forest with hyperparameters specified in Table 1.
LinearRegression from scikit-learn implemented Ordinary Least Squares optimization for
Hybrid Ensemble weight determination. All random processes used fixed random states
(random_state = 42).
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3. Results
3.1. Validation of ARG Reference Data

The ARG network showed strong agreement with the El Salvador Synoptic Station,
with Spearman’s rank correlation coefficients ranging from p = 0.767 to 0.873 (Figure 3).
Both datasets exhibited consistent seasonal transitions and synchronous rainfall peaks,
confirming that ARGs reliably captured basin-wide rainfall behavior. These values exceed
the p > 0.70 threshold for hydrological network validation [23,24], establishing the ARG
network as a dependable reference for satellite rainfall correction.

(a) Normalized ARG
== Normalized ARG
1.00

Nommalized Rainfall

N> N>
K ApP°

Trendline for Normalized Rainfall R* =0.059

(b) Synoptic Station

Synoptic Value Trendline for Synoptic Value R* =0.02

100
75
50

25

SynopticStation

0

o o g g 7o ®
K ® Kol A% o A

Figure 3. Temporal comparison of normalized rainfall between averaged (a) ARG network observa-
tions and (b) synoptic station.

3.2. Baseline Satellite Performance

The uncorrected SRM exhibited severe systematic biases compared with ARG ob-
servations (Figure 4). The product captured only about half the magnitude of observed
rainfall (slope = 0.506, intercept = 4.387 mm), underestimating moderate-to-heavy pre-
cipitation while overestimating light rainfall. Points below the 1:1 line at high intensi-
ties (>35 mm/day) highlight severe underestimation of heavy rainfall critical for flood
warnings, while points above the line at low intensities (<10 mm/day) show overesti-
mation of light rainfall. Weak correlation and large scatter confirm poor reliability for
operational applications.

Uncorrected SRM vs Observed ARG (R2 = 0.259)

250 A

150 - -~

100 A

Uncorrected SRM (mm)

50 A

® Uncorrected SRM
. —==- Ll:lline
01 —— Regression line

0 50 100 150 200 250
Observed ARG (mm)

Figure 4. Scatter plot comparing ARG observations versus uncorrected SRM estimates.
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Quantile Mapping

3.3. Correction Model Performance (2019-2020 Training)

All three correction methods were trained on the complete 20192020 dataset com-
prising 3579 daily records after quality control. Table 4 summarizes the performance
metrics, and Figure 5 illustrates the distribution alignment achieved by each correction
method, showing how QM, RF, and Hybrid transform the raw SRM distribution to match
ARG observations.

Table 4. Comprehensive training performance (2019-2020).

Model RMSE (mm) MAE (mm) Bias (mm) NSE R?

oM 8.27 490 —0.005 0.25 0.25
RF 5.17 2.72 —0.005 0.71 0.71
Hybrid Ensemble 4.69 2.85 ~0 0.76 0.76

Random Forest Hybrid Ensemble
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Figure 5. Scatter plots showing rainfall distribution alignment for QM, RF, and Hybrid.

3.3.1. Quantile Mapping

Quantile Mapping achieved R? = 0.25 and NSE = 0.25 during comprehensive training,
which represents satisfactory performance for a purely distributional correction method.
The approach successfully reduced systematic bias to near-zero (—0.01 mm) by aligning the
satellite rainfall distribution with ground observations. RMSE decreased to 8.27 mm and
MAE to 3.90 mm, both falling within acceptable ranges for operational applications. While
QM'’s correlation was lower than the machine learning methods, this moderate performance
reflected its straightforward percentile-based correction mechanism that operates on rainfall
rank order rather than learning complex patterns from temporal features.

Figure 6 illustrates how QM works through empirical cumulative distribution func-
tions. The left panel shows the CDFs for both SRM satellite estimates and ARG ground
observations, with quartile thresholds marked at the 25th, 50th, and 75th percentiles. The
95% confidence band around the SRM CDF indicates the statistical uncertainty in the
distribution. The right panel demonstrates the quantile-quantile mapping process, where
each rainfall value from the satellite distribution is mapped to the corresponding percentile
value in the ground observation distribution. The colored arrows at quartile positions show
how SRM values are adjusted to match ARG percentile values, ensuring that corrected
values maintain proper statistical characteristics across all rainfall intensities.

https://doi.org/10.3390/atmos17020121


https://doi.org/10.3390/atmos17020121

Atmosphere 2026, 17, 121

11 of 19

Cumulative Probability

1.0

o
©
L

o
o
L

o
>

o
N

0.0

(a) Empirical CDFs: SRM vs ARG (b) Quantile-Quantile Mapping

60

82

Data points,
-- 1:1line (no bias)
—— QM mapping (R?=0.986)

50

T 40 '/
£

s

£ 30 A

s

o

©

< 20

—— SRM (Satellite) 101 A
’/.!Q/b 8.2-5.0 mnr

= ARG (Ground Truth) ,/

95% Confidence Band <
0 _Q50: 0.750.5 mm

10

20 30 40 50 60 0 10 20 30 40 50 60
Rainfall (mm) SRM Rainfall (mm)

Figure 6. Empirical CDF of SRM estimates with quartile thresholds and 95% confidence band.

3.3.2. Random Forest Regression

Random Forest achieved substantially better performance than QM during compre-
hensive training, with R? = 0.71 and NSE = 0.71. RMSE dropped to 5.17 mm and MAE to
2.72 mm, both classified as “Very Good”. The model maintained near-zero bias (0.01 mm),
indicating no systematic over- or under-prediction. As shown in Figure 6, RF-corrected
values aligned closely with observed rainfall across the full intensity range from light to
heavy precipitation. The inclusion of temporal features (day of year and month) enabled
RF to learn seasonal correction patterns specific to monsoon cycles and wet/dry season
transitions, contributing to its superior training accuracy.

3.3.3. Hybrid Ensemble

The Hybrid Ensemble achieved the highest training performance among all methods,
with R? = 0.76 and NSE = 0.76. RMSE was 4.69 mm and MAE was 2.85 mm, both in the
“Very Good” classification range. Bias remained essentially zero (0.00 mm). Figure 6 shows
that Hybrid predictions clustered most tightly around the 1:1 line, indicating accurate re-
production of observed rainfall magnitudes. The OLS regression that combined QM and RF
outputs assigned heavy weight to RF (3_RF = 1.60) while giving minimal negative weight to
QM (3_QM = —0.37), meaning the Hybrid method primarily relied on RF’s pattern-learning
capabilities with only marginal contribution from QM’s distributional correction.

3.4. Seasonal Stability

Model performance was evaluated separately for the dry season (January—April) and
wet season (May—-December) within the 2019-2020 calibration period (Tables 5 and 6). This
seasonal stability assessment serves as an intermediate diagnostic to evaluate whether
the correction methods exhibit sensitivity to different monsoon phases within the training
period, prior to testing full interannual transferability.

Table 5. Dry season performance (January—April 2019-2020).

Model RMSE (mm) MAE (mm) Bias (mm) R? NSE
QM 442 1.29 0.29 0.22 0.22
RF 221 0.76 0.04 0.80 0.80
Hybrid 2.19 1.36 —0.83 0.81 0.81
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Table 6. Wet season performance (May—October 2019-2020).
Model RMSE (mm)  MAE (mm) Bias (mm) R? NSE
oM 9.62 5.19 —-0.15 0.19 0.19
RF 6.12 3.69 —0.01 0.67 0.67
Hybrid 5.52 3.59 0.41 0.73 0.73

During the dry season (1188 days, mean rainfall = 1.42 mm/day, 25.9% rainy days),
all three methods performed reasonably well, with RF and Hybrid achieving particularly
strong results (R? > 0.80, RMSE < 2.3 mm). QM showed moderate performance (R? = 0.22)
consistent with its overall training behavior. During the wet season (2391 days, mean rain-
fall = 6.59 mm/day, 67.0% rainy days), all methods showed some performance degradation
due to the higher rainfall variability and intensity. QM maintained relatively consistent
performance across seasons (R? = 0.22 dry, 0.19 wet), while RF and Hybrid showed larger
seasonal differences.

Figure 7 shows RMSE values across seasons for all correction methods. All methods
exhibited higher errors during the wet season compared to the dry season. Quantile
Mapping showed RMSE of 4.42 mm during the dry season increasing to 9.62 mm during
the wet season. Random Forest demonstrated RMSE of 2.21 mm (dry season) increasing
to 6.13 mm (wet season). The Hybrid Ensemble showed RMSE of 2.19 mm (dry season)
increasing to 5.53 mm (wet season). Random Forest and Hybrid Ensemble maintained
lower absolute errors than Quantile Mapping in both seasons, though all methods showed
substantial performance degradation during wetter conditions.

[ Dry Season (January-April)
[ Wet Season (May-December)
10 4 9.62
38
€ 6.13
E & 5.53
w
(%2}
E 4.42
4 <
2.21 2.19
2
0
Quantile Mapping Random Forest Hybrid Ensemble

Correction Method

Figure 7. RMSE comparison across seasons for Raw SRM, QM, RF, and Hybrid models.

3.5. Temporal Transferability and Operational Viability
3.5.1. Testing Scenario Result

To simulate realistic operational constraints, all models were retrained using only
data from the dry season months of January—April 2019-2020, reflecting the reality that
CDORB’s ARG network became non-operational after April 2020. Models were then
tested on January—April 2021 to evaluate performance on an independent future period.
Importantly, the 2021 test period experienced substantially wetter conditions than the
training period, with mean rainfall of 3.13 mm/day compared to 1.42 mm/day during
training. This created a regime-shift scenario that explicitly tested whether correction
methods remain reliable when future rainfall patterns differ from calibration conditions.
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3.5.2. Training Performance on Seasonally Limited Data

When trained only on dry-season data, all three methods achieved reasonable perfor-
mance on the training period itself. Table 7 summarizes the operational training perfor-
mance metrics.

Table 7. Operational training performance (January-April 2019-2020).

Model RMSE (mm) MAE (mm) Bias (mm) R? NSE
QM 3.78 1.12 2.12 0.43 0.43
RF 2.14 0.69 1.03 0.82 0.82
Hybrid 2.01 0.72 —5.42 0.84 0.84

QM reached R? = 0.43 with RMSE = 3.78 mm, classified as “Satisfactory” perfor-
mance. RF demonstrated excellent training accuracy with R? = 0.82 and RMSE = 2.14 mm.
The Hybrid Ensemble achieved the highest training performance with R? = 0.84 and
RMSE = 2.01 mm.

3.5.3. Testing Performance Under Regime Shift (January—April 2021)

The critical test of operational viability occurred when models trained on January—
April 2019-2020 were applied to the independent 2021 test period with substantially
different rainfall characteristics. This regime-shift scenario revealed dramatic differences
in temporal transferability among the three correction methods. Table 8 presents the
operational testing performance metrics.

Table 8. Operational testing performance (January—-April 2021).

Model RMSE (mm) MAE (mm) Bias (mm) R? NSE
oM 5.23 243 —0.61 0.52 0.52
RF 5.63 2.60 —0.64 0.45 0.45
Hybrid 5.85 277 —0.53 0.41 0.41

Table 7 shows performance rankings reversed completely. QM achieved R? = 0.53,
which is above the operational threshold, while RF and Hybrid declined to R? = 0.46 and
0.41, which are below the threshold.

Figure 8 shows scatter plots comparing training and testing performance for each
method. QM maintained consistent scatter patterns in both periods, with points distributed
similarly around the 1:1 line in training and testing. RF showed tight clustering during
training but severe scatter during testing, with many predictions deviating substantially
from observed values. Hybrid exhibited similar degradation, with the tight training-period
fit completely disappearing during testing.

Figure 9 shows the quantification of the performance changes between training and
testing. The left panel shows AR? values: QM improved by +0.10, while RF declined by
—0.36 and Hybrid declined by —0.43. The right panel shows ARMSE values: QM’s error
increased by 1.45 mm, RF’s error increased by 3.49 mm, and Hybrid’s error increased by
3.84 mm.

Lastly, Figure 10 summarizes operational viability against the R?> > 0.50 thresh-
old. Only QM maintained performance above this threshold during independent testing,
marked with a green checkmark. Both RF and Hybrid fell below the threshold, marked
with red X symbols, indicating they failed to meet operational reliability standards despite
their excellent training performance.
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Figure 10. Operational viability performance of QM, RF, and Hybrid Ensemble.

4. Discussion
4.1. Why Quantile Mapping Maintained Reliability While Machine Learning Failed

The operational testing revealed fundamental differences in how correction methods
handle rainfall regime shifts. Quantile Mapping succeeded because it operates on percentile
ranks rather than absolute rainfall magnitudes. When QM maps the 50th percentile of
satellite data to the 50th percentile of ground observations, this correction remains valid
whether that percentile corresponds to 5 mm during training or 10 mm during testing.
When 2021 exhibited wetter conditions (120% higher mean rainfall, 33% increased rainy-
day frequency), QM automatically adapted because the percentile mapping function still
worked—the wetter regime actually improved performance slightly (R? from 0.43 to 0.53)
because more pronounced rainfall events provided better percentile separation.

Random Forest and Hybrid Ensemble failed because they learned magnitude-specific
correction rules during training. When trained on dry-season data (mean = 1.42 mm,
25.9% rainy days), RF constructed decision trees optimized for those specific condi-
tions. The temporal features (day of year, month) helped RF learn seasonal patterns
calibrated to 2019-2020 rainfall characteristics. When confronted with 2021’s wetter regime
(mean = 3.13 mm, 33.3% rainy days), these decision rules became invalid—RF had no
mechanism to extrapolate beyond its training distribution, resulting in the 44% R? decline.
The Hybrid Ensemble’s more severe failure (51% decline) occurred because the OLS op-
timization prioritized RF’s training accuracy (3_RF = 1.60, _QM = —0.37), meaning it
relied almost entirely on RF while actually subtracting QM’s contribution. When RF failed,
minimal QM weight provided no compensatory stability.

These findings align with recent studies highlighting limitations of machine learning
temporal transferability. A study Juel et al. [25] reported that Random Forest classification
accuracy decreased when models were applied to different time periods or study areas,
consistent with our regime-shift results. For precipitation applications specifically, recent
work in Ghana and Zambia [26] using continuous temporal splits (training on 1983-2000,
testing on 2001-2022) revealed a high discrepancy in rainfall characteristics between periods,
attributable to climate change and long-term variability. Their findings that Support
Vector Regression (SVR) and Gaussian Process Regression (GPR) showed inconsistent
transferability across different locations mirror our observation that magnitude-specific
learning fails under changing conditions.
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The two-year calibration period (2019-2020) may not fully encompass interannual
variability driven by ENSO oscillations or longer-term climate trends. Because QM relies
on statistical distribution matching rather than event-scale physical learning, it may under-
perform in reproducing short-duration extreme rainfall and highly localized convective
events, especially when such extremes are poorly represented in calibration data. QM has
been applied for bias correction in tropical regions [27], mountainous terrain, and arid
environments [28], though it often exhibits lower calibration accuracy than ML approaches
under stationary conditions where complex nonlinear relationships can be learned more
effectively [29].

The validation period (2021) demonstrated that QM corrections remained stable out-
side the training window, but this represents only one additional year. Cannon et al. [30]
emphasized that quantile mapping algorithms must be evaluated not only on calibration
performance but also on their ability to preserve projected changes under non-stationary
conditions. Future work should extend both the calibration and validation periods to
5-10 years to capture broader variability including extreme wet and dry years. Indepen-
dent validation using spatially withheld stations or split-sample testing across different
ENSO phases would further strengthen confidence in transferability [14]. However, these
limitations must be weighed against QM’s demonstrated operational advantages: compu-
tational efficiency, minimal data requirements, and sustained performance under regime
shifts observed even with this limited calibration window.

4.2. Operational Deployment Recommendations

Based on these results, Quantile Mapping emerges as the only operationally viable cor-
rection method for data-limited tropical basins like CDORB. QM maintained performance
above operational thresholds when tested under realistic regime-shift conditions, and its
percentile-based approach transferred effectively across years without requiring retraining.

The success of QM occurred within specific conditions: a tropical maritime cli-
mate with a Type III rainfall distribution, a moderate-elevation basin with mixed con-
vective/orographic precipitation, SRM’s NESDIS-GSMaP fusion algorithm, and a sparse
five-station network. QM'’s robustness may be particularly advantageous where equip-
ment failures are common and rapid deployment is prioritized. Studies in Vietnam’s Lam
River Basin [31] and Indonesia [32] similarly demonstrated QM effectiveness for enhanc-
ing satellite precipitation in data-limited tropical environments, confirming the broader
applicability of our findings across Southeast Asian monsoon regions. However, in regions
with denser networks or longer data records, machine learning approaches might achieve
better transferability if trained on diverse hydroclimatic conditions spanning multiple
ENSO cycles. The key insight is that operational validation frameworks using temporal
splits and regime-shift scenarios are essential to distinguish genuine transferability from
cross-validation performance. Traditional random train-test splits that assume station-
ary relationships over time [9,10] systematically overestimate operational reliability, as
demonstrated by the dramatic performance declines we observed.

4.3. Pathways for Enhancing Machine Learning Transferability

While Random Forest and Hybrid Ensemble failed under the regime-shift scenario in
this study, several approaches could potentially improve machine learning transferability
for future applications. First, training on diverse data spanning 5-10 years with varied
rainfall regimes (wet/dry years, different ENSO phases) could enable ML methods to
learn generalizable patterns rather than magnitude-specific rules calibrated to limited
conditions [33]. Second, physics-informed feature engineering incorporating atmospheric
variables (moisture content, pressure gradients, synoptic patterns) might provide more
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stable correction signals than temporal indicators alone. Third, ensemble strategies with
time-varying weights that shift between QM and ML based on detected regime charac-
teristics could preserve operational reliability while leveraging pattern learning. Fourth,
uncertainty quantification methods that flag extrapolation beyond training conditions could
trigger automatic fallback to QM when predictions become unreliable. However, these
enhancements require substantially more data, computational resources, and technical
complexity than QM'’s straightforward approach. For immediate operational deploy-
ment in data-limited basins, QM remains the practical choice, while long-term research
should investigate whether enhanced ML methods can achieve both high accuracy and
robust transferability.

5. Conclusions

This study evaluated whether satellite rainfall correction methods maintain opera-
tional reliability when applied to future periods with different rainfall characteristics under
realistic data constraints. Three key findings emerged for flood early warning systems in
data-limited tropical basins.

First, training accuracy was shown to be a poor predictor of operational reliability. The
Random Forest and Hybrid Ensemble methods achieved excellent calibration performance
but experienced performance declines (44-51%), falling below operational thresholds. In
contrast, Quantile Mapping maintained satisfactory performance despite only moderate
training accuracy. Second, percentile-based correction methods demonstrated greater
reliability to rainfall regime shifts than magnitude-specific learning approaches. Quantile
Mapping operates on rainfall rank order rather than absolute magnitudes, allowing it to
adapt automatically when the 2021 validation period exhibited approximately 120% higher
mean rainfall without requiring recalibration. Machine learning methods, by contrast,
learned correction rules optimized for training-period magnitudes and failed to extrapolate
when rainfall characteristics changed. Third, operational deployment requires correction
methods that remain reliable under incomplete calibration data. When models were
trained using only January—April data to simulate equipment failures, Quantile Mapping
was the only method that maintained operational viability during independent testing,
reflecting common real-world scenarios in which typhoon damage creates prolonged
monitoring gaps.

For Philippine river basins and similar data-limited tropical basins with sparse gauge
networks and high interannual rainfall variability, Quantile Mapping emerges as the most
operationally viable correction method under the conditions tested in this study. A recom-
mended operational protocol is to train Quantile Mapping using available data, even if
seasonally limited, apply corrections continuously without retraining, and validate per-
formance when new data become available, using established hydrological performance
thresholds (R? > 0.50, NSE > 0.50, RMSE < 10 mm/day). More broadly, this study demon-
strates that operational validation frameworks using temporal splits and regime-shift
scenarios are essential for model selection, as calibration performance alone can be mislead-
ing. While the two-year calibration period represents a limitation, future studies should
extend validation to 5-10 years to capture broader hydroclimatic variability and different
ENSO phases. Nevertheless, Quantile Mapping’s demonstrated operational advantages—
computational efficiency, minimal data requirements, and sustained performance under
regime shifts—make it a practical and defensible choice for operational flood early warning
systems in data-limited tropical regions where reliable rainfall information is critical for
risk reduction.
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