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Highlights 

What are the main findings? 
• Quantile Mapping adapts well under shifting rainfall regimes. 
• Machine learning models fail when rainfall conditions change. 

What are the implications of the main findings? 
• QM is reliable for flood early warning in data-limited basins. 
• ML methods need diverse data, limiting operational use. 

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 three correction methods—Quantile 
Mapping (QM), Random Forest (RF), and Hybrid Ensemble—for improving Satellite Rainfall 
Monitor (SRM) estimates in the Cagayan de Oro River Basin, Northern Mindanao. When trained on 
comprehensive 2019-2020 data, Random Forest and Hybrid Ensemble substantially outperformed 
Quantile Mapping, achieving excellent calibration accuracy (R² = 0.71 and 0.76 versus R² = 0.25 for 
QM). However, when tested on an independent year with substantially different rainfall patterns 
(2021: 120% higher mean rainfall, 33% increase in rainy-day frequency), performance rankings 
reversed completely. Quantile Mapping maintained satisfactory operational performance (R² = 0.53, 
RMSE = 5.23 mm), showing improvement over training conditions, while Random Forest and Hybrid 
Ensemble both failed dramatically, with R² dropping to 0.46 and 0.41 respectively despite their 
excellent training performance. This highlights that training accuracy alone 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 basins with limited data, 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 
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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 
 

1. Introduction 

Accurate rainfall information is essential for hydrological modeling and disaster risk reduction, 
yet many region 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 applications 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 [7–14]. 

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 [15,16]. However, several studies have shown that performance can degrade when models 
are applied across years [18], raising concerns about the temporal transferability of correction 
methods, particularly machine learning approaches that may learn dataset-specific patterns [19,20]. 
This issue is especially important in tropical regions where monitoring equipment frequently fails 
during typhoons, creating long data gaps and shifting calibration conditions [21,22]. 

The Philippines exemplifies these operational challenges. The Satellite Rainfall Monitor (SRM) 
provides national-scale rainfall estimates [23,24], but it exhibits systematic biases relative to ground 
observations [25]. During Tropical Storm Washi (Sendong) in 2011, insufficient rainfall information 
contributed to more than 1,200 fatalities in northern Mindanao [26,27], underscoring the need for 
correction methods that remain dependable under real-world constraints. 

This study assesses the temporal transferability of statistical, machine learning, and hybrid 
correction methods using the Cagayan de Oro River Basin (CDORB) as a case study. Specifically, this 
study aims to (a) develop and calibrate correction algorithms, (b) evaluate temporal transferability, 
and (c) assess operational viability under realistic operational conditions. 

2. Materials and Methods 

2.1. Framework Design 

The framework (Figure 1) was designed to operate under three severe constraints characteristic 
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 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. 
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Figure 1. Study Framework. 

 

2.2. 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 thresholds (67.09 mm for SRM, 
58.27 mm for ARG) to eliminate measurement errors while preserving legitimate heavy precipitation 
events. Zero rainfall days were retained throughout all analyses despite constituting 46.7 percent of 
observations, ensuring operational realism since deployed systems must handle days without 
precipitation. The analysis framework treats each ARG station as an independent 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 3,655 potential station-day records. After quality control removing invalid measurements, 
3,579 valid station-day records (97.9% completeness) were retained for model development. 

2.3. 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-minute 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). 

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 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 ρ ≥ 0.70 threshold), 
confirming the ARG network provided dependable reference observations for correction model 
development. The locations of ground-based rainfall measurements are shown in Figure 2. 
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Figure 2. Study area and location of ARGs and Synoptic Station. 

2.4. 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. 

2.5. Correction Methods 

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

2.5.1. Quantile Mapping (QM) 

Quantile Mapping corrects satellite rainfall by aligning its statistical distribution with ground-
based observations using cumulative distribution functions (CDF): ŷொெ =  𝐹஺ோீିଵ (𝐹ௌோெ(𝑥ሻ)       (1) 

where x is the uncorrected measurement, FSRM(x) converts it to a percentile rank, FARG -1 maps this to 
the ground-based value, and ŷQM is the corrected estimate. QM represents a purely statistical 
approach that operates on relative rainfall rankings rather than absolute magnitudes, potentially 
providing reliability to distributional shifts across time periods. 

2.5.2. Random Forest Regression (RF) 

Random Forest builds multiple decision trees and averages predictions to capture complex, 
nonlinear relationships: ŷோி =  ଵ் ∑ ℎ௧௧்ୀଵ (𝑥)       (2) 
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where ŷRF is predicted rainfall, x represents input features (SRM value, day of year, month), ht(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: 400 trees, maximum depth of 10, and minimum 5 
samples per split (Table 1). RF represents a machine learning approach capable of learning complex 
correction patterns but potentially susceptible to overfitting training-period conditions. 

Table 1. 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 

2.5.3. Ensemble Model 

The Hybrid Ensemble combines QM and RF using Ordinary Least Squares (OLS) regression to 
determine optimal weights: ŷ௘௡௦௘௠௕௟௘ = α + βଵ  ∗ ŷொெ + βଶ  ∗  ŷோி    (3) 

where α is the intercept, β₁ and β₂ are statistically optimized weights, and ŷensemble is the final corrected 
estimate. This hybrid approach attempts to balance QM's distributional correction with RF's adaptive 
learning capabilities. 

2.6. Model Calibration Framework 

2.6.1. Comprehensive Calibration (2019–2020) 

All three correction methods were first calibrated using the complete 2019-2020 dataset (January 
2019 to December 2020), comprising 3,579 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 (R²). 

2.6.2. Seasonal Stability Assessment 

To evaluate whether corrections remain stable across different rainfall regimes within the 
calibration period, performance was assessed separately for: 
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. 
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2.7. Temporal Transferability Assessment 

2.7.1. Operational Testing Scenario 

The critical test of operational viability is whether correction methods maintain accuracy 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 common scenario where typhoon damage creates 
multi-month monitoring gaps and flood early warning systems must function despite incomplete 
annual data coverage. 

2.7.2. 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 fluctuations) alters rainfall 
characteristics. This design explicitly evaluates temporal transferability. 

2.7.3. Transferability Metrics 

Temporal transferability was quantified by comparing performance stability between training 
and testing periods. Performance stability metrics included: 
• Absolute R² change (ΔR²) = R²test - R²train ; 
• Percentage R² change (%ΔR²) = [(R²test - R²train) / R²train] × 100; 
• Consistency of error metrics (RMSE, MAE, Bias) between training and testing; 

Following thresholds established in hydrological studies [17], a correction method was 
considered operationally viable if it met all four criteria in both training and independent validation 
periods: R² ≥ 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. 

2.8. Evaluation Metrics 

Statistical metrics included Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Bias, 
Nash-Sutcliffe Efficiency (NSE), and Coefficient of Determination (R²). Performance classification 
followed thresholds established in hydrological studies [17], summarized in Table 2. 

Table 2. Threshold classification for evaluation metrics. 

Metric Unsatisfactory Satisfactory Good Very Good 

R2 < 0.50 0.50 - 0.75 0.75 - 0.90 >90 

RMSE > 15 mm/day 10-15 mm/day 5 -10 mm/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 > ± 25 ± 15 - 25 ± 10 - 15 ±< 10 
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2.9. Software and Code Availability 

All analyses were conducted in Python 3.12.12 within the Google Colab environment. 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). 

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 ρ = 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 ρ ≥ 0.70 threshold for 
hydrological network validation [17], establishing the ARG network as dependable reference for 
satellite rainfall correction. 

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

3.2. Baseline Satellite Performance 

Uncorrected SRM exhibited severe systematic biases compared with ARG observations (Figure 
4). The product captured only about half the magnitude of observed rainfall (slope = 0.506, intercept 
= 4.387 mm), underestimating moderate-to-heavy precipitation while overestimating light rainfall. 
Points below the 1:1 line at high intensities (>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 
overestimation of light rainfall. Weak correlation and large scatter confirm poor reliability for 
operational applications. 
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Figure 4. Scatter plot comparing ARG observations versus uncorrected SRM estimates. 

3.3. Correction Model Performance (2019-2020 Training) 

All three correction methods were trained on the complete 2019-2020 dataset comprising 3,579 
daily records after quality control. Table 3 summarizes the performance metrics, and Figure 5 shows 
scatter plots comparing predicted versus observed rainfall for each method. 

Table 3. Comprehensive Training Performance (2019-2020). 

Model RMSE (mm) MAE (mm) Bias (mm) NSE R² 
QM 8.27 4.90 -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 

 

Figure 5. Scatter plots showing rainfall distribution alignment for Raw SRM, QM, RF, and Hybrid. 

3.3.1. Quantile Mapping 

Quantile Mapping achieved R² = 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 
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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 functions. 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. 

 

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 comprehensive 
training, with R² = 0.71 and NSE = 0.71. RMSE dropped to 5.17 mm and MAE to 2.72 mm, both 
classified as ʺVery Goodʺ according to established hydrological thresholds [17]. 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 R² = 
0.76 and NSE = 0.76. RMSE was 4.69 mm and MAE was 2.85 mm, both in the ʺVery Goodʺ 
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 reproduction of observed rainfall 
magnitudes. The OLS regression that combined QM and RF outputs assigned heavy weight to RF 
(β_RF = 1.60) while giving minimal negative weight to QM (β_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 Assessment 

Model performance was evaluated separately for dry season (January-April) and wet season 
(May-December) within the 2019-2020 training period to check whether corrections remain stable 
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across different monsoon phases. Seasonal stability assessment serves as an intermediate diagnostic 
to evaluate whether model sensitivity to rainfall regimes emerges even within the calibration period 
before full interannual transferability testing. 

Table 4. Dry Season Performance (January–April 2019–2020). 

Model RMSE (mm) MAE (mm) Bias (mm) R² NSE 

QM 4.42 1.29 0.29 0.22 0.22 
RF 2.21 0.76 0.04 0.80 0.80 

Hybrid 2.19 1.36 –0.83 0.81 0.81 

Table 5. Wet Season Performance (May–December 2019–2020). 

Model RMSE (mm) MAE (mm) Bias (mm) R² NSE 
QM 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 (1,188 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 (R² > 
0.80, RMSE < 2.3 mm). QM showed moderate performance (R² = 0.22) consistent with its overall 
training behavior. During the wet season (2,391 days, mean rainfall = 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 (R² = 0.22 dry, 0.19 wet), 
while RF and Hybrid showed larger seasonal differences (RF: R² = 0.80 dry vs. 0.67 wet; Hybrid: R² = 
0.81 dry vs. 0.73 wet). 

Figure 7 shows RMSE values across seasons for all methods. RF demonstrated substantial 
degradation from dry to wet season, with RMSE increasing from 2.21 mm to 6.12 mm. Hybrid showed 
similar patterns, with RMSE increasing from 2.19 mm to 5.52 mm. QM's RMSE increased from 4.42 
mm to 9.62 mm, maintaining more proportional seasonal variation relative to its baseline 
performance. The seasonal analysis indicated that while machine learning methods achieved 
excellent performance during training, they showed sensitivity to changes in rainfall regime even 
within the calibration period. 

 
Figure 7. RMSE comparison across seasons for Raw SRM, QM, RF, and Hybrid models. 
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Dry season conditions (29.5% rainy days, mean = 2.08 mm/day) resulted in RF and Hybrid 
achieving 72% and 76% RMSE reduction compared to raw SRM, respectively. Wet season conditions 
(48.9% rainy days, mean = 8.15 mm/day) showed RF and Hybrid achieving 57% and 61% RMSE 
reduction, respectively. QM showed consistently poor performance across seasons (NSE < 0 in dry, 
NSE = 0.136 in wet) despite acceptable overall training scores. 

3.5. Temporal Transferability and Operational Viability 

3.5.1. Operational Testing Scenario 

To simulate realistic operational constraints where equipment failures limit data availability, all 
models were retrained using only January-April 2019-2020 data (1,188 days, mean rainfall = 1.42 
mm/day, 25.9% rainy days). This training dataset reflected the reality in CDORB where the ARG 
network became non-operational after April 2020. Models were then tested on January-April 2021, 
an independent future period with substantially different rainfall characteristics (577 days, mean 
rainfall = 3.13 mm/day, 33.3% rainy days). The 2021 test period showed a 120% increase in mean 
rainfall and increased rainy-day frequency compared to training conditions, creating a regime-shift 
scenario that explicitly tested temporal transferability. 

3.5.2. Training Performance on Seasonally Limited Data 

Table 6. Operational Training Performance (January–April 2019–2020). 

Model RMSE (mm) MAE (mm) Bias (mm) R² 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 
When trained only on dry-season data, all three methods achieved reasonable performance on 

the training period itself. QM reached R² = 0.43 with RMSE = 3.78 mm, classified as ʺSatisfactoryʺ 
performance. RF demonstrated excellent training accuracy with R² = 0.82 and RMSE = 2.14 mm. The 
Hybrid Ensemble achieved the highest training performance (R² = 0.84, RMSE = 2.01 mm), again 
relying heavily on RF's pattern-learning capabilities based on its coefficient weights. 

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

Table 7. OperationalTesting Performance (January–April 2021). 

Model RMSE (mm) MAE (mm) Bias (mm) R² NSE 

QM 5.23 2.43 -0.61 0.52 0.52 

RF 5.63 2.60 -0.64 0.45 0.45 
Hybrid 5.85 2.77 -0.53 0.41 0.41 
When applied to the independent 2021 test period, performance rankings reversed completely. 

QM achieved R² = 0.53 and NSE = 0.53, crossing the operational threshold of R² ≥ 0.50 and maintaining 
ʺSatisfactoryʺ classification. Performance actually improved slightly from training (ΔR² = +0.10), 
showing that QM adapted well to the wetter rainfall regime. RMSE = 5.23 mm and bias = -0.61 mm 
both remained within acceptable operational ranges. 

In contrast, RF suffered substantial degradation, with R² dropping to 0.46, falling below the 
operational threshold. This represented a 44% decline from its training R² of 0.82. RMSE increased 
dramatically from 2.14 mm during training to 5.63 mm during testing, more than doubling the 
prediction error. The Hybrid Ensemble showed even worse instability, with R² collapsing to 0.41, a 
51% decline from training. RMSE increased from 2.01 mm to 5.85 mm, indicating complete loss of the 
training-period accuracy advantage. 
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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 8. Scatter plots comparing ARG observations versus model predictions during January–April 2021 
testing. 

Figure 9 quantifies the performance changes between training and testing. The left panel shows 
ΔR² values: QM improved by +0.10, while RF declined by -0.36 and Hybrid declined by -0.43. The 
right panel shows ΔRMSE 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. 

 

Figure 9. Performance comparison between training (Jan–Apr 2019–2020) and testing (Jan–Apr 2021) periods, 
showing R² change (ΔR²) for each correction method. 
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Figure 10 summarizes operational viability against the R² ≥ 0.50 threshold. 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. 

 

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 the 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. The percentile structure of the rainfall distribution 
stayed relatively stable even though absolute magnitudes changed substantially between 2019-2020 
and 2021. When 2021 exhibited wetter conditions with 120% higher mean rainfall and more frequent 
rainy days, QM automatically adapted because the percentile mapping function still worked. The 
wetter regime actually improved QM's performance slightly (R² increased from 0.43 to 0.53) because 
the more pronounced rainfall events provided better separation between percentiles, making the 
distributional alignment more effective. 

Random Forest failed because it learned magnitude-specific correction rules during training. 
When trained on dry-season data with mean rainfall of 1.42 mm and only 25.9% rainy days, RF 
constructed decision trees that encoded correction patterns optimized for those specific conditions. 
The temporal features (day of year, month) helped RF learn seasonal patterns, but these patterns were 
calibrated to 2019-2020 rainfall characteristics. When confronted with 2021's substantially wetter 
regime (mean = 3.13 mm, 33.3% rainy days), the decision rules became invalid. RF had no mechanism 
to extrapolate beyond its training distribution, so predictions for the wetter conditions were 
unreliable. The R² decline of 44% directly reflected this magnitude-specific overfitting. 

The Hybrid Ensemble's even more severe failure (51% R² decline) occurred because the OLS 
optimization prioritized RF's excellent training accuracy. The assigned weights (β_RF = 1.60, β_QM 
= -0.37) meant the Hybrid method relied almost entirely on RF's corrections while actually subtracting 
some of QM's contribution. When RF failed under the regime shift, the minimal negative QM weight 
provided no compensatory stability. The Hybrid method essentially inherited RF's brittleness 
without benefiting from QM's distributional robustness. 
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This creates an important finding. Methods with highest training accuracy showed lowest 
operational reliability. RF and Hybrid achieved excellent performance during calibration (R² > 0.80) 
but failed dramatically during validation (R² < 0.50). QM showed only moderate calibration 
performance (R² = 0.43) but succeeded during operational deployment (R² = 0.53). Training accuracy 
alone is clearly a poor predictor of operational reliability when future conditions differ from 
calibration periods. 

4.2. Operational Deployment Recommendations 

Based on these results, Quantile Mapping emerges as the only operationally viable correction 
method for data-limited tropical basins like CDORB. QM maintained performance above operational 
thresholds (R² = 0.53, NSE = 0.53, RMSE = 5.23 mm) when tested under realistic regime-shift 
conditions. Its percentile-based approach transferred effectively across years without requiring 
retraining or additional calibration data. 

For CDORB and similar Philippine river basins, the recommended protocol is straightforward. 
First, train QM using whatever ARG data are available, even if limited to partial seasonal records due 
to equipment failures. Second, apply QM corrections continuously without retraining. Third, validate 
performance when new ARG data become available, retraining only if systematic degradation is 
detected. Fourth, maintain minimum operational standards (R² ≥ 0.50, NSE ≥ 0.50, RMSE < 10 
mm/day) as performance benchmarks. 

This framework ensures sustained operational capability even when ARG networks are partially 
non-functional, which is common in tropical regions where typhoons regularly damage monitoring 
equipment. Unlike machine learning methods that require comprehensive multi-seasonal training 
data to capture diverse rainfall conditions, QM can work effectively with limited calibration data 
because it only needs to learn the basic distributional relationship between satellite and ground 
observations. 

4.3. Comparison with Previous Studies 

The finding that QM outperforms machine learning under temporal validation contrasts with 
several recent studies reporting superior ML performance for satellite rainfall correction [4,33,34]. 
However, most previous studies validated ML models using cross-validation or random train-test 
splits that assume stable relationships over time. These validation approaches shuffle data randomly, 
so training and testing periods both contain similar rainfall conditions. 

This study's explicit regime-shift validation exposed brittleness that standard validation 
approaches cannot detect. The 2021 testing period was intentionally different from training 
conditions, with 120% higher mean rainfall representing a genuine climate variability scenario. Under 
these conditions, ML methods that appeared excellent in cross-validation failed operationally. This 
suggests that previous studies may have measured calibration performance rather than operational 
transferability. 

The 9% RMSE improvement by QM over uncorrected SRM aligns with correction magnitudes 
reported across tropical regions. However, this study's operational validation framework provides 
stronger evidence of sustained performance under realistic data limitations and climate variability 
compared to studies that only evaluate methods under stable conditions. 

5. Conclusions 

This study evaluated three satellite rainfall correction methods under operational constraints 
typical of data-limited tropical basins. When trained on comprehensive 2019-2020 data, Random 
Forest and Hybrid Ensemble achieved excellent performance (R² > 0.70, RMSE < 5.2 mm), 
substantially outperforming Quantile Mapping (R² = 0.25, RMSE = 8.3 mm) during calibration. 
However, operational testing under realistic constraints revealed critical differences in temporal 
transferability. Models were retrained using only dry-season data (January-April 2019-2020) and 
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tested on an independent year with substantially different rainfall characteristics (January-April 2021: 
120% higher mean rainfall, 33% increase in rainy-day frequency). Under these regime-shift 
conditions, only Quantile Mapping maintained operational reliability (R² = 0.53, NSE = 0.53, RMSE = 
5.23 mm), meeting flood early warning thresholds despite its moderate training performance. 

Random Forest and Hybrid Ensemble failed dramatically during independent validation, with 
R² dropping to 0.46 and 0.41 respectively, falling below the operational threshold of 0.50. This 
represented 44-51% performance declines from training, caused by magnitude-specific overfitting 
and brittle ensemble weighting. The results demonstrate that training accuracy is a poor predictor of 
operational reliability when future rainfall regimes differ from calibration periods. 

For flood early warning systems in Philippine river basins and similar data-limited tropical 
regions, Quantile Mapping emerges as the only viable correction method. Its percentile-based 
approach adapts to regime shifts without retraining, maintains accuracy with limited calibration 
data, and provides sustained monitoring capability when ground networks fail. The recommended 
deployment framework is straightforward: train QM with available data, apply corrections 
continuously, and retrain only if systematic degradation is detected. 

This study's operational validation framework should be adopted more widely in satellite 
rainfall research to ensure model selection reflects real-world deployment challenges. While QM's 
moderate training accuracy may seem less impressive than machine learning alternatives, its robust 
transferability makes it the only practical choice for operational flood early warning where 
monitoring gaps are common and reliable rainfall information can save lives. 
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