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Abstract

Achieving scalable monitoring of Alternate Wetting and Drying (AWD) for methane mitigation in rice
cultivation depends on establishing field benchmarks for drainage behavior and demonstrating that
satellite observations can reliably detect corresponding changes in water status. We analyzed about
two million high-frequency in situ water-level observations from hundreds of sensors deployed in rice
fields across Philippines and Japan to quantify drainage duration from near-surface conditions to 15 cm
below the soil surface and to test the sensitivity of open-access PALSAR-2 dual-polarization L-band
SAR to vertical water level variations. Across 564 drainage events, the median drainage duration was
19.0 h, and only 0.9% of events exceeded 240 h, indicating that drainage happens generally within a
day. Drainage duration varied markedly by region and season, with median values ranging from 10.6
h in Pangasinan wet-season events to 72.6 h in Cagayan dry-season events; multiple drainage events
occurred in 48.0% of Philippine dry-season fields but only 21.6% of wet-season fields. PALSAR-2 data
shows a statistical significance in detecting inundation at Mid crop growth stage with cross-polarization
band, but the significant overlap induce challenges in operational applications. These results provide
empirical benchmarks for AWD-related drainage dynamics while showing that dual-polarization
PALSAR-2 alone is unlikely to support robust field-scale monitoring of rice-field water status.

Keywords: alternate wetting and drying (AWD); in situ water-level monitoring; drainage duration;
satellite remote sensing; Synthetic Aperture Radar (SAR); ALOS-2 PALSAR-2; inundation; monitoring;
reporting and verification (MRV)

1. Introduction

Irrigated rice systems are an important source of anthropogenic methane because prolonged
flooding creates anaerobic soil conditions that are conducive to methanogenesis [1]. Recent global
methane budgets estimate that rice paddies emitted approximately 32 [25-37] Tg CHy yr~! during
2010-2019, accounting for approximately 9% of global anthropogenic CH4 emissions, with the largest
contributions concentrated in Asia [2]. Consequently, water management during the cultivation period
has become a central component of rice methane accounting and mitigation. The Intergovernmental
Panel on Climate Change (IPCC) inventory framework distinguishes continuously flooded, single-
drainage, and multiple-drainage irrigated rice systems, assigning lower CHy scaling factors to single
and multiple drainage than to continuous flooding [3]. Reliable monitoring, reporting, and verification
(MRV) of drainage practices is therefore essential for translating water-management interventions into
credible climate mitigation outcomes.
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Alternate Wetting and Drying (AWD) reduces CH, emissions by periodically interrupting flooded,
anaerobic soil conditions. In agronomic practice, safe AWD is commonly implemented by allowing
ponded water to disappear and re-irrigating when the perched water table falls to approximately
15 cm below the soil surface [4,5,5-7]. This —15 cm reference has also been used in experimental
AWD studies in Southeast Asia, including treatments in which fields are re-irrigated when water level
naturally declines to this set depth threshold below the soil surface [8-10]. Meta-analytic evidence
shows that the CHy mitigation effect of non-continuous flooding increases with the number of drying
events, soil-drying severity, and the total number of unflooded days, while yield penalties are mainly
associated with more severe drying rather than mild AWD conditions [11,12]. This makes the transition
from the soil surface to —15 cm a hydrologically meaningful interval for both methane mitigation and
agronomic risk management.

Previous AWD studies and extension guidelines have commonly represented irrigation manage-
ment using either water-level thresholds or prescribed drying intervals. In threshold-based approaches,
fields are re-irrigated when water levels fall to a specified depth below the soil surface [13,14], whereas
interval-based approaches define drying cycles based on elapsed time after the disappearance of
ponded water [15] or fixed irrigation schedules [16-18]. While such rule-based approaches are useful
for controlled implementation, they do not provide empirical information on how long fields take to
drain to critical depths (e.g., —15 cm) and may fail to capture the variability of water-level dynamics
under real-world conditions, where drainage and re-irrigation are influenced by local hydrology,
rainfall, and farmer decision-making. Because drainage duration emerges from interacting hydro-
logical and management processes, it is unlikely to be uniform across operational rice systems and
is expected to vary with field and environmental conditions. Field water recession reflects not only
irrigation scheduling, but also rainfall, antecedent soil wetness, soil permeability, groundwater depth,
field leveling, bund and outlet conditions, and local water availability [5,19]. Recent landscape-scale
work in Eastern India further showed that monsoon-season rice fields can exhibit multiple distinct
hydrologic patterns within the same landscape, and that these patterns are not stable across years [20].
These findings highlight the need for a field-level analysis of how drainage duration and drainage
recurrence vary across fields, soils, regions, and seasons. Translating this need into scalable monitoring
frameworks, however, requires observation systems that extend beyond in situ measurements.

Although in situ water level measurements provide direct and high-frequency observations of
field hydrology, their spatial coverage is limited, particularly challenged in scaling support MRV
frameworks. Remote sensing observations, if they have been proven to be sensitive to relevant
hydrological states, offer a pathway for scalable and independent confirmaation of AWD practices.
Synthetic Aperture Radar (SAR) has been widely recognized as a suitable tool for monitoring paddy
fields and is being studied to detect inundation status in paddy fields due to its sensitivity to surface
properties and its all-weather imaging capability. This is significant for paddy related applications
where the wet season in which the paddy is mainly grown is dominated by cloudy days [21-25]. In
particular, L-band SAR systems such as Phased Array type L-band SAR 2 (PALSAR-2) onboard the
Advanced Land Observing Satellite 2 (ALOS-2) offer distinct advantages over C-band systems like
Sentinel-1, for applications over paddy fields. The longer wavelength of the L-band ( 23 cm) allows a
deeper penetration through the rice canopy, enhancing the detectability of standing water beneath the
vegetation even during later growth stages [21,26], with a higher sensitivity to water conditions [27].
While Quadruple (full; HH, HV, VV and VH) polarization SAR data enable detailed characterization
of scattering mechanisms [21], open-access PALSAR-2 observations are primarily available in dual
polarization. While dual-polarization SAR backscatter has been widely applied to mapping paddy
extent and inundation [28,29], its sensitivity to hydrological dynamics relevant to AWD, particularly
subsurface water-level transitions, remains less well understood. This is especially important for AWD
applications, where critical thresholds for CH4 mitigation depend not only on surface inundation but
also on the depth of soil drying.
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Therefore, this study combines comprehensive drainage duration analysis and preliminary satel-
lite remote sensing feasibility analysis to address both the process understanding and the scalability
challenge of AWD monitoring. We leverage more than two million high-frequency in situ water-level
records collected from hundreds of rice fields across the Philippines and Japan, enabling direct observa-
tion of fine-scale drainage processes and their variability across diverse climatic, soil, and management
conditions. First, we analyze drainage duration variability under field conditions where water levels
are not constrained by prescribed irrigation rules but instead reflect interacting hydrological processes.
Using high-frequency in situ observations, we quantify the time required for water levels to decline
from near-surface conditions to —15 cm, providing an empirical measure of drainage duration under
these conditions. We further examine how these drainage dynamics vary across fields and seasons.
Second, we use these in situ measurements as a reference to evaluate whether open-access PALSAR-2
dual-polarization SAR observations exhibit detectable and consistent sensitivity to hydrological transi-
tions under actual field conditions. By linking satellite backscatter dynamics to observed water-level
changes, we assess their ability to capture not only the presence or absence of flooding, but also critical
transitions in subsurface water status throughout the cropping season. Together, these analyses estab-
lish both what constitutes meaningful drainage dynamics in practice and whether such dynamics can
be reliably observed from space. This integration is essential for advancing satellite-based monitoring,
reporting, and verification (MRV) systems, enabling scalable and independent verification of AWD
practices in methane mitigation efforts.

2. Materials and Methods
2.1. Water-Level Observations and Preprocessing

Water-level observations were collected using in situ sensors installed in rice fields, primarily
in three study areas: Pangasinan and Cagayan in the Philippines, and Chiba in Japan (Figure 1).
These sites were selected to represent regionally important but contrasting rice-growing environments.
Pangasinan is a major palay-producing province in the Ilocos Region, with both irrigated and rainfed
production and a clear seasonal harvest pattern, whereas Cagayan is located in Cagayan Valley, one
of the Philippines’ leading rice-producing regions, where palay production is largely supported by
irrigated lowland systems and is closely linked to regional water availability [30-32]. Together, the
Philippine sites represent tropical, seasonally driven rice systems with two main cropping seasons
associated with the wet and dry parts of the year and, in some areas, an intermediate third crop.
In contrast, Chiba Prefecture represents a warm-temperate Japanese rice system and a major early-
season rice-producing area in the Kanto region, where paddy rice is typically grown as one main
spring-to-autumn [33,34]. This site combination allowed us to evaluate sensor-based in situ water-level
observations across contrasting agroclimatic settings, rice calendars, irrigation dependence, and rainfall
seasonality, from tropical multi-season systems in northern Luzon to a temperate early-season system
in Japan.

The raw dataset comprised approximately 2.31 million in situ water-level records collected
between 22 January 2024 and 3 March 2026. Because the initial observation period included sensor
deployment, testing, and adjustment, records prior to 15 February 2024 were excluded from the
analysis. To improve comparability among sensors, water-level measurements were adjusted using
sensor-specific correction factors to account for systematic device offsets. The corrected time series
were then denoised independently for each sensor using a local outlier filter based on temporally
adjacent observations. For each record, neighboring measurements were identified by searching
backward and forward in time until the gap between consecutive observations exceeded 30 min,
with up to 15 observations retained on each side. Outlier detection was applied only when at least
15 neighboring observations were available in total. The local mean and standard deviation were
computed from these neighboring observations, and measurements deviating by more than two
standard deviations from the local mean were removed, with the detailed formulation given in
Section S1. This procedure was designed to suppress isolated spikes and short-term sensor artifacts
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while preserving the broader temporal structure of the water-level series. After these preprocessing
steps, observations were assigned to regions based on sensor coordinates, and the final dataset
used for drainage-event detection contained 1,988,054 observations from 406 sensors, representing
approximately 344 monitored fields across the three study areas.
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Figure 1. Locations of drainage events and associated soil types in the study regions.

2.2. Drainage Duration Study
2.2.1. Drainage-Event Identification

Drainage events were identified separately for each sensor from the cleaned water-level time
series. Conceptually, a drainage event was defined as a sustained recession of water level from a
near-surface ponded condition to a drained-condition threshold of -150 mm. Because the exact time
at which water level crossed the field-surface reference level, defined as 0 mm, did not necessarily
coincide with sensor observation times, event initiation was identified using a near-surface window
rather than requiring an observation exactly at 0 mm. Specifically, candidate events were initiated
when water level was between 1 and 20 mm above the reference level, thereby capturing the onset of
surface-water recession before the water level dropped below the field surface.

After initiation, candidate events were required to satisfy several trajectory-based criteria designed
to retain continuous, progressive drainage trajectories while excluding trajectories affected by extended
data gaps, short-term noise, or implausible discontinuities. These thresholds were specified as quality-
control filters rather than fitted model parameters and were not tuned to maximize the number of
detected events. First, the time interval between consecutive observations could not exceed 2 h; longer
gaps caused the candidate event to be discarded because the continuity of the drainage trajectory could
not be verified across an extended unobserved interval. Second, the water-level trajectory was required
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to maintain an overall downward trend, while allowing temporary upward fluctuations of up to 50
mm between consecutive observations. This tolerance was included to accommodate short-term local
variability in water level while still requiring a net decline toward the drained threshold. Third, abrupt
changes greater than 100 mm between consecutive observations, in either direction, were treated as
implausible discontinuities and caused the candidate event to be rejected. This threshold served as a
high-magnitude step-change screen to exclude changes inconsistent with progressive drainage. Finally,
to confirm that the observed decline represented a progressive drainage process rather than an isolated
endpoint crossing, the water level was required to pass through the intermediate range between 0 and
-150 mm before reaching the event endpoint.

Because these trajectory-based thresholds could influence whether marginal candidate events
were retained or rejected, their robustness was evaluated in the Supplementary Information using
a one-at-a-time sensitivity analysis and empirical distributions of consecutive water-level changes
(Tables S1 and S2).

This event definition allowed rainfall-related or short-term local fluctuations to be incorporated
into a drainage event, provided that the overall drainage trajectory remained intact. However, once
water level had dropped below 0 mm, any subsequent rise above 0 mm invalidated the candidate
event. In such cases, the preceding decline was not treated as a continuous drainage event, and any
later return to near-surface conditions could be evaluated separately as a new candidate event. This
rule was used to distinguish within-event fluctuation from the onset of a new surface-water phase.

An event endpoint was assigned when water level reached or fell below -150 mm. The event start
time was then refined to the last non-negative observation immediately preceding the accepted decline
to the drained threshold, thereby reducing the influence of short plateaus or ambiguous initiation
points near the field surface. Thus, the 1-20 mm window was used to identify candidate near-surface
conditions, whereas the recorded start time represented the last observed non-negative water level
before sustained drainage. For each detected event, start time, end time, start and end water level,
duration in hours, and sensor coordinates were recorded. When multiple candidate events shared the
same sensor and endpoint, duplicates were removed by retaining the shortest interval.

2.2.2. Duration Metrics, Threshold Comparison, and Variability Analysis

To characterize the observed drainage-duration distribution, event duration was summarized
using the median, interquartile range, 90th percentile, and maximum. In addition to these continuous
summary statistics, events were grouped into four duration classes: < 72 h, 72-168 h, 168-240 h,
and > 240 h. These classes were used to examine how drainage events were distributed across
progressively longer duration thresholds and to quantify the relative prevalence of rare long-duration
events.

For group-based comparison, drainage events were aggregated into four study-defined site-season
categories: Chiba, Pangasinan (Wet Season), Pangasinan (Dry Season), and Cagayan (Dry Season). Be-
cause the Philippine sites span distinct seasonal cropping periods, events in Pangasinan and Cagayan
were classified by season based on both event timing and the actual local rice-cropping conditions
observed during field deployment. Events occurring from 1 June to 1 October, which corresponded to
the locally observed wet-season rice crop, were assigned to the wet-season group, whereas events from
1 November to 15 April, corresponding to the locally observed dry-season rice crop, were assigned
to the dry-season group. These study-defined windows are consistent with the broader Philippine
rice calendar and rainfall seasonality: national rice-monitoring frameworks distinguish dry- and
wet-season rice semesters, while remote-sensing-based rice-calendar studies show wet-season planting
commonly peaking in June-July and dry-season planting in November—December, with substantial
regional variation [32,35]. In contrast, the Japanese observations were concentrated within a more lim-
ited summer observation window and were therefore treated as a single group rather than subdivided
into wet and dry seasons [33,34].

Event duration distributions were compared across these groups using histograms, cumulative
distribution functions, and grouped duration-class summaries. For grouped threshold comparison, the

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.2223.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 May 2026 d0i:10.20944/preprints202604.2223.v1

6 of 29

number of events in each duration class was converted to within-group percentages so that the duration
composition of each group could be compared on a common 0-100% scale. Spatial distributions of
detected events were also summarized to provide site context for the duration comparisons.

To examine variability in drainage patterns across fields, drainage duration was further compared
among soil groups and seasonal categories using boxplots on a logarithmic scale. Soil-group differences
within each region were assessed using Dunn’s nonparametric post hoc test [36] with Holm adjustment
[37] for multiple comparisons. Dry—wet contrasts within individual soil groups were evaluated using
two-sided Mann—-Whitney U tests [38] with Benjamini—-Hochberg correction [39] and were applied
only where both seasonal groups had sufficient observations in the Philippine sites.

In addition to event duration, field-level recurrence of drainage events was summarized for the
Philippine sites by counting the number of detected events per monitored field within each season.
Fields were then classified into three categories: no drainage event, single event, and multiple events.
This categorization was used to compare how frequently drainage events recurred within the same
field under dry- and wet-season conditions.

2.2.3. Explanatory Modeling of Drainage Duration

To explore the factors associated with variation in drainage duration, an explanatory modeling
analysis was conducted using event-level predictors representing rainfall input, antecedent wetness,
and terrain setting. The purpose of this analysis was not to construct a purely optimized predictive
model, but rather to evaluate whether a parsimonious set of physically interpretable variables could
explain a substantial share of the observed variation in drainage duration. The final explanatory
framework therefore focused on six variables: Accumulated rainfall during the event, mean rainfall
intensity during active rainfall periods, antecedent surface soil moisture, antecedent root-zone soil
moisture, elevation, and slope.

Geospatial extraction was implemented in Google Earth Engine [40]. Rainfall-related variables
were derived for each drainage event from the GSMaP V7 operational hourly precipitation product,
using the Earth Engine collection JAXA/GPM_L3/GSMaP/v7/operational and the hourlyPrecipRate
band at the sensor location [41-44]. For each event, hourly precipitation was extracted from event
start to event end, and accumulated rainfall was calculated as the cumulative precipitation over the
event duration. Mean rainfall intensity was calculated as the mean hourly precipitation considering
only hours with rainfall greater than 0.001 mm h~!. Antecedent wetness conditions were represented
using surface soil moisture and root-zone soil moisture derived from the SMAP 14 3-hourly 9-km soil-
moisture product, using the Earth Engine collection NASA/SMAP/SPL4SMGP/008. The extracted variables
were sm_surface, representing near-surface soil moisture for the 0-5 cm layer, and sm_rootzone,
representing root-zone soil moisture for the 0-100 cm layer [45,46]. For each drainage event, the latest
available SMAP L4 observation within the 24 h preceding event start was extracted at the sensor
location. Elevation was extracted from the NASA Shuttle Radar Topography Mission 30 m digital
elevation model, using the Earth Engine image USGS/SRTMGL1_003 [47]. Slope was derived from the
same DEM using ee.Terrain.products and was sampled at each sensor location. The explanatory
variables included in the final analysis are summarized in Table 1.

The response variable was drainage duration in hours. Model training was conducted using
a LightGBM regressor, a gradient-boosted decision-tree method based on the gradient boosting
framework [48] and designed for efficient supervised learning with tabular data [49]. The dataset
was divided into training and testing subsets, and model performance was evaluated on held-out
test data using R?, root mean square error (RMSE), and mean absolute error (MAE). RMSE and MAE
were both reported because they summarize complementary aspects of prediction error magnitude
[50,51]. To interpret the fitted model, variable importance rankings and SHAP (Shapley Additive
Explanations) values were examined [52]. Because the fitted model was a tree ensemble, SHAP-based
feature attributions were interpreted in the TreeSHAP framework [53]. SHAP values were used to
quantify the contribution of each predictor to the model output and to evaluate how individual
variables were associated with longer or shorter predicted drainage duration.
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Potentially important controls related to field management and crop phenology were not included
in the final explanatory analysis. In rice systems, irrigation scheduling, drainage operation, and crop
growth stage are all likely to affect drainage duration. However, these variables were not available
in a sufficiently consistent and accurate form across all monitored fields. The final model should
therefore be interpreted as a hydrology- and terrain-based explanatory analysis rather than a complete
representation of all determinants of drainage duration.

Table 1. Variables used in the explanatory modeling analysis of drainage duration.

Variable Dataset Spatial resolution =~ Temporal resolution  Extraction method Notes
Antecedent surface ]gﬁis;’%f;::xf:ttion Unit: m®/m?;
soil moisture SMAP L4 ~9 km 3-hourly e near-surface layer
(sm_surface_before) within 24 h at the (0-5 cm)

- - sensor location. ’
Antecedent ;ﬁ;?tsi}::;zsgtte Unit: m®/m?;
root-zone soil mois- SMAP L4 ~9 km 3-hourly with}i,n 24 at th root-zone layer
ture(sm_rootzone_before) sensor locat?on ¢ (0-100 cm).
Accumulated Hourly rainfall
rainfall during the GSMaP V7 ~0.1° (~10 km) Hourly extracted over the Unit: mm.
event event period and
(rainfall_total_mm) summed.

Mean rainfall Mean hourly rainfall
intensity during S o K I over ;he event Al . 1
rainy hours GSMaP V7 ~0.1° (~10 km) Hourly Eeno u'stll?g(') fyl | Unit: mmh™".

; . . . ours with rainfal
(rainfall_active_mean_intensity) < 0.001 mm h-1.

Elevatlon. SRTM DEM 30m Static Elevation sampleFl at  Unit: m above sea
(elevation) each sensor location.  level.
Computed from the
Slope from SRTM . DEM and sampled .
Slope (slope) DEM 30m Static at each sensor Unit: degrees.

location.

2.3. Remote Sensing Study
2.3.1. PALSAR-2 Observations

L-band Synthetic Aperture Radar (SAR) inherits advantages in monitoring hydrological condition
in paddy fields due to its deeper penetration through the paddy canopy. Observations from Phased
Array type L-band SAR 2 (PALSAR-2) onboard the Advanced Land Observing Satellite 2 (ALOS-2) op-
erated by the Japan Aerospace Exploration Agency (JAXA) were utilized for this study. Specifically, the
open-access Level 2.2 (L2.2) ScanSAR product was used, which contains dual-polarization backscatter
in HH and HYV, local incidence angle (LIN) and quality flag (MSK) at a spatial resolution of 25 m and
a swath width of 350 km. The L2.2 product is ortho-rectified, radiometrically terrain-corrected, and
normalized to gamma naught (1), making it compatible with the Committee on Earth Observation
Satellites (CEOS) Analysis Ready Data for Land (CARDA4L) standard [54]. The L-band microwave
frequency ( 1.27 GHz, 23.6 cm wavelength) provides deep canopy penetration relative to the C-band
sensors, allowing detection of soil surface and even sub-surface water conditions below the rice canopy
throughout the growing season [21,26].

The PALSAR-2 L.2.2 ScanSAR images were accessed and processed using the Google Earth
Engine (GEE) platform with the snippet JAXA/ALOS/PALSAR-2/Level2_2/ScanSAR. The data set did
not contain scenes that cover the paddy fields in Japan. Therefore, this study was limited to paddy
fields in the Philippines and those cultivated from the wet cropping season of 2024 to the wet cropping
season of 2025. PALSAR-2 data were retrieved from June 2024 to October 2025 for the paddy fields in
the Pangasinan region introduced in 2.1. A summary of the frames retrieved are given in Table 2 with
spatial extents and temporal distribution, respectively, shown in Figure 2 and Figure 3. Details of each
scene are given in Table S5.
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Figure 2. Spatial extent of the retrieved PALSAR-2 L2.2 ScanSAR frames.
Table 2. Summary of the retrieved PALSAR-2 L2.2 ScanSAR scenes.
Path Number Row Number Orbit Direction A.n ten-na Number of
Direction scenes

26 3300 Descending Right 3
27 3300 Descending Right 4
138 0300 Ascending Right 7
139 0300 Ascending Right 17

T
Orbit Direction
—— Ascending
—— Descending

06 07 08 09 10 11 12 20|25 02 03 04 05 06 07 08 09 10 11
Date

Figure 3. Temporal distribution of retrieved PALSAR-2 L.2.2 ScanSAR scenes.

The HH and HV bands of each scene were processed by, first masking with the MSK-band to
retain valid pixels with the MSK value of 1, and then converting the data in digital number (DN) to
decibels (dB) using Equation 1 [54]. Finally, the median HH and HV backscatter values of each paddy
field were calculated as the representative backscatter signal of the field. Additionally, HH/HYV ratio
was calculated using Equation 2. The processed data set contains paddy field name, observation time,
HH backscatter, HV backscatter, and HH/HYV ratio.

7°(dB) =10 - log,,(DN?) — 83.0 1)

Ratiogyy /1y (AB) = 7Y (dB) — vy (dB) (2)

2.3.2. Derivation of Crop Stage from Water Level Observations

Field-scale water level readings observed at 15 minute intervals were preprocessed in Section 2.1,
and the resulting data set contains the time series of water level readings of each paddy field. The water
level sensors were installed in the field just after planting the paddy and removed just before harvest.
Therefore, the readings are available only from the tillering stage to the maturity stage of the paddy
phenology. It was noted that, the monitored paddy fields followed different farming practices in terms
of planting method (direct seeding and transplanting), planting date, irrigation, and harvesting date.
Consequently, the growth stage on a given day varies across fields. Since, SAR scattering mechanism
varies with paddy phenology, it is important to identify the field-scale season and the growth stage.

We utilized the water level readings itself to derive the respective cropping seasons (hereafter
referred season) and the growth stage for each reading. In Pangasinan region, paddy is cultivated
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in three cropping seasons namely, Dry (planting from October to December of the previous year),
Third (planting from February to April), and Wet (planting from June to August). The water level
observations did not contain records from harvesting to planting of the net season. Leveraging this
temporal gap in the time series, first, water level time series of each field were segmented in to seasons
adopting a minimum of 21 day time gap between consecutive water level readings. The start of each
season is identified as the sensor installation date and the end as the sensor decommissioning date
(A sample segmented time series is shown in Figure S3. Segmented seasons were labeled Wet-, Dry-
or Third-season depending on their start date being in the respective planting period. Considering a
usual 60 to 180 day season duration, the segmented seasons were filtered for ones eligible for further
analysis. The distribution of the resulting field-scale season durations are shown in Figure 4. Due
to the significant variability in field-scale season durations Figure 54, and varying farming practices,
instead of the commonly used number of days from sowing’ [21], a dynamic growth stage definition
based on the progress in the season was adopted. Accordingly, three growth stages namely Early, Mid
and Late were defined bounded by 0, 30, 70, and 100% of field-scale season progress, based on the
L-band HH behavior published by [23]. An illustration for the derivation of the bounds is shown in

Figure S5.
Number of fields: EI -m
== =
_n " e
[%2] %:
i) Crop season —_— .
@ | —e— Wet season ’%
=
Sl e, et .
| = 5 cemmen g— =
& @
nr? Planting period L ——1
Wet season ~ e=tem———u-8 %‘ %
Irdseason e o ey

06 07 08 09 10 11 12 2025 02 03 04 05 06 07 08 09 10
Date

Figure 4. Identified field-scale crop seasons. Start and end dates of the seasons correspond to sensor installation
and decommissioning dates.

The dual polarization radar backscatter signals are sensitive to inundation and structural develop-
ment of the canopy in paddy fields. In the presence of standing water, both HH and HV signals tend
to be minimal during the early growth stage due to specular scattering, then increase with time due to
double bounce from growing stems and volume scattering from the canopy [23,25]. The absence of
water increases HH due to increased single/surface scattering in the early stage, and reduces due to
reduced double bounce scattering in later stages. And HV remains unchanged as volume scattering
remains constant regardless of the inundation condition [21]. The corresponding rice phenology for
crop stage classes and the expected dual polarized backscatter behavior is stated in Table 3. The
processed data set contains paddy field name, observation time, water level, corresponding season
and growth stage.
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Table 3. Defined growth stages and the corresponding paddy phenology and, expected HH and HV variations.

Growth stage Seasonoprogress HH [Inundated] = HV [Inundated] Paddy phenology
(%) stages

Early 0-30 Low [Very low] Low [Very low] Tillering

Stem elongation,

. . Panicle initiation,

Mid 30-70 Low [Medium] Low [Low] Booting, Heading,

Flowering
Late 70 - 100 Medium [High] ~Medium [Medium] Milk, Dough,

Mature

2.3.3. Pairing PALSAR-2 and In Situ Water Level Observations

For direct comparison between field-scale SAR backscatter and hydrological conditions, each
PALSAR-2 observation was paired with an in situ water level observation from the same field, observed
within 10 minutes from the PALSAR-2 observation time. This narrow window was adopted to minimize
the misrepresentation of field conditions in case of rapid water level fluctuations such as from rainfall,
irrigation, or drainage events that could introduce mismatches between the SAR signal and the actual
ground conditions at the overpass time. Furthermore, it was noted that the PALSAR-2 L.2.2 ScanSAR
scene AL0S2554990300-240901_WBDR1.1__A (observed on 1 September 2024) contained strip noise
Figure S2, and the related observations were omitted from the analysis and the distribution of omitted
samples are marked in red color in the Figure 5. The processed data set contained 400 records with
information of field identity, PALSAR-2 observation time, HH backscatter, HV backscatter, HH/HV
ratio, water level, season, and growth stage.

—-7.57 e Samples observed on 2024-09-01 (n = 18) ®
Samples observed on 2024-09-10 (n = 23)
100 All observed samples (n = 423) .
L]
-12.5 A *
L]
3 -15.01 cowor e
N . ® ®. °
Z -17.51 . e
—20.0 A
—22.5 1
—25.0 A
-15 -10 -5 0 5 10
HH yo (dB)

Figure 5. The distribution of paired samples in HV vs HH space. Samples marked in red were removed due
to strip noise (observed on 1 September 2024). The sampled marked in orange were removed in later stage of
analysis due to suspected overestimated SAR observation (observed on 10 September 2024).

2.3.4. Statistical Significance Test

To evaluate whether the PALSAR-2 backscatter signals differ significantly between the inundation
condition classes, independent samples t-tests were conducted for each crop stage category and for the
combined all-stages data set. The t-test was selected as an appropriate parametric test for comparing
the means of two independent groups, given that the inundation condition within each crop stage
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constitute independent samples drawn from distinct field-level water conditions. In cases where only
a single sample was available in one of the inundation classes, an independent samples t-test could
not be computed due to insufficient degrees of freedom. For these instances, a one-sample t-test was
applied instead. While this approach carries greater uncertainty than a standard t-test owing to the
absence of variance information from the single-sample class, it was adopted as a solution to provide
complete statistical analysis. Results from one-sample t-tests are reported alongside their counterparts
but should be interpreted with appropriate caution. All statistical analyses were conducted in Python
using the SciPy library (scipy.stats.ttest_ind, and scipy.stats.ttest_lsamp for the one-sample cases).

3. Results

3.1. Drainage Duration Study
3.1.1. Distribution of Drainage Event Duration

Identified drainage events were distributed across the monitored sites in Pangasinan, Cagayan,
and Chiba, spanning several contrasting soil environments (Figure 1). A total of 564 drainage events
were identified from the water-level observations, with examples shown in Figure 6. Across all events,
the median drainage duration was 19.0 h, with an interquartile range of 8.2-42.1 h, a 90th percentile of
79.0 h, and a maximum observed duration of 336.8 h (Table 4). The overall distribution was strongly
right-skewed, with most events concentrated at short durations and only a small number extending
into the long-duration tail (Figure 7).

Sensor ID: FML-12-024 (Longitude: 120.7615086 Latitude: 15.946422)
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0 Water level: 1.0 mm
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|
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&
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Figure 6. Examples of detected drainage events from water-level time series across different sensors. Each event
is identified as a sustained decline from near-surface conditions to the drainage threshold. The red dashed line
marks the event start, and the green dashed line marks the event end.

Clear regional differences were signifiacant in both the histogram and cumulative distribution
(Figure 7). Pangasinan was dominated by shorter drainage events, especially during the wet season.
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The median duration was 10.6 h in Pangasinan (Wet season) and 21.4 h in Pangasinan (Dry season).
In contrast, drainage events in Chiba and Cagayan were substantially longer. Chiba had a median
duration of 53.5 h, whereas Cagayan (Dry Season) showed the longest duration profile, with a median
of 72.6 h and a 90th percentile of 280.3 h (Table 4).

To assess how drainage duration was distributed across progressively longer timescales, we
examined four duration classes: < 72 h, 72-168 h, 168-240 h, and > 240 h. Overall, only 5 of 564
events (0.9%) lasted longer than 240 h (Table 4). Most events fell within the shortest duration class
(< 72 h), especially in Pangasinan, where 92.8% of wet-season events and 89.8% of dry-season events
were shorter than 72 h (Figure 8). In contrast, Chiba and Cagayan contained a larger proportion
of longer-duration events. In Chiba, 24.0% of events fell within the 72-168 h class, 12.0% within
the 168-240 h class, and 4.0% exceeded 240 h. Cagayan (Dry season) showed the highest share of
long-duration events, with 36.4% in the 72-168 h class and 18.2% exceeding 240 h.

Taken together, these results indicate that observed drainage durations were generally much
shorter than 240 h, although substantial regional differences were evident. Long-duration drainage
events were uncommon overall, but they occurred more frequently in Cagayan and, to a lesser extent,
in Chiba than in Pangasinan. However, these regional comparisons should be interpreted with caution,
particularly for Cagayan, because the number of detected events was limited in both Chiba (n = 25)
and Cagayan (n = 11).
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Figure 7. Frequency and cumulative distributions of drainage event duration across regions: (a) full distribution
of event duration, (b) zoomed-in view of the 0-100 h range from panel (a), and (c) cumulative distribution function
of drainage event duration.
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Proportion of Drainage Events Exceeding Duration Threshold

100%
Duration class
<=72h
80%1 72-168 h
168-240 h
60% A >240 h

40% A

Percentage of events (%)

20% A

0%

Chiba Pangasinan (Wet) Pangasinan (Dry) Cagayan (Dry)
(n=25) (n=166) (n=324) (n=11)

Figure 8. Proportional distribution of drainage event duration classes across regions and seasons, expressed as
percentages of total events.

Table 4. Summary of drainage duration statistics.

Group n  Median (h) Q1-Q3(h) P90 (h) Max(h) Events >240h, n (%)
Overall 564 19.0 8.2-42.1 79.0 336.8 5 (0.9%)
Chiba 25 53.5 21.0-94.5 188.0 263.5 1 (4.0%)
Pangasinan (Wet) 166 10.6 6.3-24.1 51.6 171.3 0 (0.0%)
Pangasinan (Dry) 324 21.4 9.8-42.1 72.3 299.3 2 (0.6%)
Cagayan (Dry) 11 72.6 55.6-122.5  280.3 336.8 2 (18.2%)

3.1.2. Variability in Drainage Event Duration Across Fields

Substantial heterogeneity in drainage patterns was observed across soil environments and fields.
The detected drainage events were associated with distinct soil groups in the three study regions
(Figure 9). In Cagayan, all detected events occurred in Silty Clay soils. In Chiba, detected events were
distributed across three mapped lowland soil groups, including Brown Lowland Soil, Gley Soil, and
Mottled Gley Soil. In Pangasinan, most detected events were associated with Sandy Loam (n = 428)
and Silt Loam (n = 95), indicating that variability in drainage behavior was concentrated within these
dominant soil environments.

Drainage duration also differed across soil groups (Figure 9). In Cagayan, the Silty Clay fields
showed relatively long drainage durations, with a median of 72.6 h. In Chiba, median drainage
duration varied among the three soil groups, ranging from 47.0 h in Gley Soil to 69.5 h in Mottled
Gley Soil. In Pangasinan, median durations were substantially shorter, at 17.5 h for Sandy Loam and
17.5 h for Silt Loam. These results indicate that the duration of drainage events varied not only across
regions, but also across the soil environments in which the monitored fields were located.

Seasonal contrasts were most evident in Pangasinan (Figure 10). In Sandy Loam fields, drainage
duration was significantly longer in the dry season than in the wet season, with median values of
21.4 h and 9.9 h, respectively (p < 0.001). In Silt Loam fields, drainage duration also tended to be
longer in the dry season than in the wet season (21.6 h vs. 12.5 h), although this difference was not
statistically significant after multiple-comparison correction. In Cagayan, only dry-season events were
available, and therefore no dry—wet comparison could be performed.

Field-level recurrence patterns further highlighted seasonal heterogeneity (Table 5). Across the
Philippine sites, 48.0% of fields experienced multiple drainage events during the dry season, compared
with only 21.6% in the wet season. Conversely, the proportion of fields with no detected drainage event
increased from 22.3% in the dry season to 60.8% in the wet season. This indicates that, even when
drainage duration may be broadly comparable within some soil groups, the recurrence of drainage
events within the same field was substantially higher in the dry season than in the wet season.
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Taken together, these results demonstrate that drainage patterns were highly variable across fields,

reflecting both spatial heterogeneity among soil environments and seasonal differences in field-level

drainage activity. In particular, the Pangasinan sites showed clear seasonal differences not only in

event duration, but also in the frequency with which drainage events recurred within the same field.
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Figure 9. Distribution of drainage event duration across soil types and regions. Boxplots (log scale) illustrate
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Figure 10. Comparison of drainage event duration between dry and wet seasons across soil types and regions.

Boxplots (log scale) illustrate seasonal differences in event duration for each soil type. Statistical significance is
indicated as follows: *** p < 0.001, * p < 0.05, ns: not significant.

Table 5. Number of Philippine fields with no, single, or multiple drainage events by season.

Category Dry, n (%) Wet, n (%)
No drainage event 33 (22.3%) 90 (60.8%)
Single event 44 (29.7%) 26 (17.6%)

Multiple events

71 (48.0%)

32 (21.6%)
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3.2. Remote Sensing Study
3.2.1. Backscatter Variability with Vertical Water Distribution

To explore the relationship between L-band SAR backscatter and field-scale water conditions,
the backscatter values of HH and HV polarizations and and the HH/HYV ratio were plotted against
coincident in situ water level observations, as shown in Figure 11a. The plots reveal a clear but non-
uniform structure in the dual-polarization backscatter and water level relationship across the observed
range (+100 to -200 mm), with a notable zone of high signal variability concentrated in the intermediate
water level range of approximately +40 to -110 mm. This range is defined as the semi-inundation
zone, representing the transition between full- and non-inundation conditions. Correspondingly,
full-inundation refers to water level observations above +40 mm and non-inundation to water levels
below -110 mm. In the field, semi-inundated conditions are characterized by spatially intermittent
ponding and moist soil attributable to micro-topographic variability within the paddy fields (Figure 12),
where a mix of scattering mechanisms occur. According to Figure 11a, anomalously high backscatter
signals in both HH and HV are observed in the semi-inundated fields (marked with a red rectangle).
Although these anomalous values predominantly falls within the semi-inundated range, consistent
with field-scale water level conditions, the corresponding samples were originating from a signal
PALSAR-2 L.2.2 ScanSAR scene AL0S2556320300-240910_WBDR1.1__A observed on 10 September 2024
(also shown in Figure 5). As these anomalies are likely attributable to a scene-level acquisition or
processing artifact, the samples acquired on 10 September 2024 were excluded from further analysis,
and the updated scatter plots are shown in Figure 11b.
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Figure 11. Scatter plots of water level vs backscatter HH, HV and HH/HYV ratio. (a) All observations. (a) Excluding
observations on 10 September 2024. The extreme observations are marked with a red rectangle.
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(a) (b)

Figure 12. Paddy field images showcasing semi-inundated conditions. (a) Field overview. (b) Close-up look.

3.2.2. Distinguishing the Field Inundation Condition

Figure 13 presents the relationship between backscatter signals (in HV vs HH space) and in-
undation status across different crop growth stages. Across all stages, a clear positive correlation is
observed between HH and HV polarizations. This relationship is most pronounced during the Late
growth stage, where the data exhibit a tighter spread along a linear trend, suggesting a more consistent
canopy structure and scattering response from mature paddy plants, and minimal influence from the
inundation condition. In contrast, the Early and Mid growth stages show greater dispersion, likely
reflecting higher variability in early establishment conditions where remote sensing is open for direct
surface observation of varying inundation conditions and rapidly varying paddy plant structure, than
in the Late growth stage where structurally homogeneous thick crop canopy covers the surface.

Despite the overall correlation, the three inundation classes (full-, semi-, and non-inundated)
show substantial overlap in the HV vs HH feature space across all growth stages. This overlap is
particularly evident when all stages are combined, where class boundaries become indistinct. While
minor tendencies can be observed—such as slightly lower HV backscatter values under full-inundated
conditions, the separation is not sufficiently distinct to allow reliable discrimination using HH and HV
alone, across growth stages.

A statistical analysis was conducted to evaluate the distinguishability between full- and non-
inundated classes across different growth stages (Early, Mid, and Late) by comparing the distributions
of HH and HV backscatter, as well as the HH/HYV ratio (Figure 14). Statistical significance between
full-inundated and non-inundated categories was assessed using an independent samples t-test. In
cases where only a single sample was available within a dataset, a one-sample t-test was applied;
however, such comparisons should be interpreted with caution due to limited sample representation.
In general, fully inundated conditions were associated with lower backscatter values (HH and HV).
This observation is theoretically consistent during the Early growth stage, where specular reflection
from the water surface leads to reduced backscatter. However, during the Late growth stage, increased
double-bounce scattering between rice stems and the water surface would be expected to enhance HH
backscatter. The observed deviation from this expectation may be attributed to the limited sample size,
particularly the presence of only a single sample in this category. HV backscatter exhibited a more
consistent trend, with increasing backscatter corresponding to decreasing water levels. Statistically
significant differences at the 95% confidence level were observed during the Mid growth stage. In
contrast, the HH/HYV ratio (Figure 14(c)) showed broadly similar median values across inundation
classes, indicating no statistically significant separation between full- and non-inundated conditions at
these stages. However, when considering the entire season, the distributions indicate a systematic yet
strongly overlapping variation in SAR backscatter between full- and non-inundated classes. Although
HYV backscatter and the HH/HYV ratio exhibit statistically significant differences, suggesting some
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potential for distinguishing inundation conditions, the substantial overlap among the classes limits
their reliability as standalone indicators of inundation.
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Figure 13. Scatter plots of samples in HV vs HH space for each crop stage and all stages combined together.
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Figure 14. Backscatter variability with crop stage and inundation conditions for (a) HH. (b) HV. (c) HH/HV. The
median values related to each box plot is shown in red. The p-value for the t-test between full- and non-inundated
classes is show above the corresponding crop stage. An *’ indicates the use of one-sample t-test.

4. Discussion
4.1. Observed Drainage Duration and Variability

The observed drainage events were generally short relative to 240 h, with only a small fraction
extending beyond this duration. Across all identified events, the median drainage duration was 19.0
h, and only 5 of 564 events (0.9%) exceeded 240 h (10 days)(Figure S1). This indicates that, under the
monitored field conditions represented in this study, prolonged drainage events were uncommon
and that most fields reached drained conditions within a much shorter time frame. In this sense,
the observed duration distribution was strongly concentrated at the short-duration end, with only a
limited long-duration tail.

At the same time, drainage duration varied substantially across regions and seasons. Pangasinan
was dominated by shorter events, particularly during the wet season, whereas Chiba and Cagayan
showed longer duration profiles. Cagayan (Dry Season) exhibited the largest proportion of long-
duration events, although this result should be interpreted cautiously given the limited sample size.

These regional contrasts suggest that drainage duration is not characterized by a single common
timescale, but instead reflects differences in hydrologic setting (e.g., ponding depressions, ditch-
connected plots; [55,56]), field conditions (e.g., sandy loam, raised bunds; [57,58]), and seasonal context
(e.g., dry-season drawdown, wet-season rainfall; [10,59]) among the monitored systems.

These regional contrasts suggest that drainage duration is not characterized by a single common
timescale, but instead reflects differences in hydrologic setting, field conditions, and seasonal context
among the monitored systems.

Seasonal variability was especially evident in Pangasinan, where drainage duration in Sandy
Loam fields was significantly longer in the dry season than in the wet season, while the same tendency
was present but not statistically significant in Silt Loam. At first glance, this pattern may seem counter-
intuitive, because wetter antecedent conditions would generally be expected to impede drawdown.
However, in managed rice fields, drainage duration is likely shaped not only by antecedent wetness,
but also by irrigation scheduling, drainage operations, and the overall timing of field water manage-
ment. One plausible interpretation, consistent with the patterns shown in subsubsection 3.1.2, is that
dry-season events more often reflect deliberate and sustained field drainage under active water control,
whereas wet-season water-level changes may be more fragmented or irregular due to frequent rainfall
input. This interpretation is consistent with studies of irrigated lowland rice showing that AWD and
related controlled-irrigation practices deliberately allow fields to drain or become non-flooded before
re-irrigation [60,61]. In contrast, wet-season water-level changes may be more fragmented or irregular
because frequent rainfall and excess-water removal can repeatedly interrupt drawdown in humid
tropical rice systems [62,63].

This interpretation is broadly consistent with the field-level recurrence analysis, which showed
that multiple drainage events within the same field were much more common in the dry season than
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in the wet season. Together, these results suggest that dry-season drainage in Pangasinan may be
characterized by more frequent and more sustained management-driven drainage activity, while
wet-season water-level dynamics may be less likely to produce long, continuous drainage episodes.
The lack of a statistically significant dry-wet contrast in Silt Loam does not necessarily indicate the
absence of a seasonal effect, but may instead reflect greater within-group variability and the smaller
number of wet-season observations in that soil class.

Another important aspect of variability was the recurrence of drainage events within the same
field. Nearly half of the monitored Philippine fields experienced multiple drainage events during the
dry season, whereas this proportion was much lower in the wet season, when most fields showed
no detected drainage event. This indicates that seasonal differences were expressed not only in the
duration of individual events, but also in how frequently drainage events recurred within the same
field. Together, these results suggest that drainage behavior in rice systems is highly heterogeneous,
varying across regions, seasons, and field contexts rather than following a uniform pattern.

Notably, soil-group contrasts within individual regions were less pronounced than the broader
regional and seasonal differences. Although drainage duration varied among soil classes, these within-
region soil contrasts were not statistically significant in the present dataset. This suggests that, at least
in the monitored fields considered here, regional setting and seasonal conditions may have exerted a
stronger influence on drainage behavior than soil-group differences alone, or that potential soil effects
were masked by substantial field-level heterogeneity and unobserved management variation.

4.2. Interpretable Factors Associated with Drainage Duration

To complement the descriptive analyses above, we fitted a parsimonious and physically inter-
pretable random-forest regression model using six variables representing rainfall input, antecedent
wetness, and terrain setting. The model was intended primarily for model-based interpretation rather
than for optimized prediction. It nevertheless retained moderate out-of-sample performance, with
a test R? of 0.492, RMSE of 31.32 h, and MAE of 19.87 h. These results suggest that the selected
environmental predictors contained substantial information on drainage duration in the held-out data.
However, the MAE was comparable to the median observed drainage duration reported above, indicat-
ing that the model should be viewed as more useful for identifying broad environmental associations
than for precise event-level prediction. In addition, because some fields contributed multiple drainage
events, event-level data splitting may not fully evaluate generalization to entirely unseen fields or
regions. The model results should therefore be interpreted as evidence of associations within the fitted
dataset, rather than as a complete or fully transferable predictive explanation of drainage duration.

At the same time, nearly half of the variation remained unexplained, which is expected in
managed rice systems. Drainage duration is influenced by a range of site-specific factors not captured
by the explanatory variables, including irrigation scheduling, deliberate drainage operations, bund
and outlet management, and crop growth stage, as well as local hydraulic connectivity that varies at
fine spatial scales. Thus, rainfall input, antecedent water storage, and field setting together provided
meaningful but incomplete information on how long drainage persisted.

Interpreted as model-based predictive importance, the SHAP ranking (Figure 15) indicates that
accumulated rainfall during the event was the most influential variable among the six selected environ-
mental predictors, followed by mean rainfall intensity during rainy hours, elevation, and antecedent
root-zone soil moisture. Among these, the most physically interpretable and internally consistent
signals were associated with accumulated rainfall and antecedent root-zone wetness. Greater rainfall
accumulation during the event tended to increase predicted drainage duration, which is consistent
with the expectation that larger water inputs prolong the time required for fields to reach drained
conditions [64,65]. However, accumulated rainfall during the event should be interpreted as an event-
scale co-occurring water-input metric rather than as a strictly antecedent predictor, because longer
drainage events also provide a longer window over which rainfall can accumulate.
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Figure 15. SHAP-based model importance of the selected explanatory variables in the drainage-duration model.
The x-axis shows the mean absolute SHAP value for each variable, representing its average contribution to
model predictions across all events, regardless of direction. Larger values indicate greater model-based predictive
importance, rather than causal importance, in the fitted random-forest model.

Likewise, higher antecedent root-zone soil moisture was generally associated with longer pre-
dicted drainage duration, particularly across the lower-to-intermediate moisture range. This pattern
suggests that wetter antecedent subsurface storage may provide a larger volume of water to be released
or redistributed during drainage, thereby lengthening water-level recession and prolonging the time
required for fields to reach drained conditions; this interpretation is consistent with the treatment of
root-zone soil moisture as a deeper/profile storage state inferred from near-surface moisture dynamics
rather than as an instantaneous surface-wetting signal [66]. However, the dependence became non-
linear toward the wetter end of the observed range, indicating that root-zone wetness should not be
interpreted as having a simple linear effect across all conditions. Together, accumulated rainfall and
antecedent root-zone soil moisture showed the clearest internally consistent model-based associations
with drainage duration, linking event-period water input and pre-event subsurface storage to drainage
persistence.

The effects of elevation, rainfall intensity, and antecedent surface soil moisture were more nuanced
and require careful interpretation. Elevation showed a relatively strong contribution in the model
(Figure 15), and the SHAP dependence pattern (Figure 16) suggests that lower-elevation fields tended
to be associated with longer predicted drainage duration. This relationship is physically plausible
in lowland rice systems, where small elevation differences and micro-relief can influence ponding,
water stagnation, and the ease with which water moves toward drainage pathways [67]. However,
elevation should not be interpreted as a direct measure of drainage efficiency. Rather, elevation is
more likely acting as a landscape-position proxy that integrates several unobserved controls, including
local depressional setting, hydraulic connectivity to drainage pathways, backwater influence, drainage
infrastructure, and the broader spatial organization of lowland rice fields [68]. In addition, because
drainage and runoff responses in paddy-field landscapes depend on broader watershed characteristics,
including topography, land use, and drainage systems, the SHAP contribution of elevation may partly
reflect spatial context rather than a transferable topographic effect [69]. In this sense, the elevation effect
is best interpreted as a model-based indicator of spatial context, rather than as a simple topographic
control operating uniformly across fields.
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Figure 16. SHAP dependence plots for the selected explanatory variables in the drainage-duration model. The
x-axis shows the observed value of each variable, and the y-axis shows its SHAP contribution to predicted
drainage duration (h). Positive SHAP values indicate contributions toward longer predicted drainage duration,
whereas negative values indicate contributions toward shorter predicted drainage duration.

Mean rainfall intensity during rainy hours also ranked relatively high, but its interpretation is
less straightforward than that of accumulated rainfall. The SHAP dependence pattern suggested
that higher mean rainfall intensity was often associated with lower SHAP contributions to predicted
drainage duration, although the relationship was uneven and most observations were concentrated
near low-intensity values. This apparent negative contribution should not be interpreted as evidence
that intense rainfall directly shortened drainage duration. Rather, because accumulated rainfall was
already included in the model, mean rainfall intensity likely represented the temporal concentration of
rainfall input rather than water input magnitude alone. For a given amount of rainfall, higher active
intensity may correspond to shorter, more pulse-like rainfall events, which can produce short-term
water-level disturbances without necessarily sustaining prolonged drainage. By contrast, lower-
intensity rainfall distributed over longer periods may be more effective in maintaining wet conditions
and delaying recession. The dense cluster near zero also reflects events with little or no rainfall during
the drainage period; for events with no rainy hours, active rainfall intensity was assigned a value of
zero as a practical encoding of no event-period rainfall. In addition, the drainage-event definition
constrained abrupt water-level jumps and short-term fluctuations, so events strongly disturbed by
intense rainfall may have been split or excluded rather than retained as single continuous drainage
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episodes. Therefore, the importance of rainfall intensity should be interpreted as a model-based signal
of rainfall temporal structure and event-selection sensitivity, rather than as a simple process-level
effect.

A similarly cautious interpretation is needed for antecedent surface soil moisture. Although this
variable contributed to the model, its dependence pattern was weaker and less physically intuitive
than that of root-zone soil moisture. A likely reason is that surface soil moisture derived from coarse-
resolution remote sensing products represents a short-term near-surface wetness signal that is highly
sensitive to recent rainfall timing, surface evaporation, ponding, vegetation cover, and other near-
surface conditions [66,70]. Its apparent effect may also be influenced indirectly by the event-selection
process, because wetter near-surface conditions are more likely to coincide with rainfall-disturbed
hydrographs. By contrast, root-zone soil moisture remained more stable and physically interpretable,
suggesting that antecedent subsurface storage is a more robust indicator of drainage persistence than
near-surface wetness alone. Therefore, the apparent surface-moisture effect should be treated as a
context-dependent association rather than as a robust process-level relationship.

Slope showed the weakest contribution among the six variables, suggesting that the 30-m DEM-
derived terrain gradient, as represented in this analysis, was not a dominant explanatory factor
for drainage duration in the monitored fields. This should not be taken to mean that topography
is unimportant. Rather, in bunded rice systems, a slope value derived from a 30-m DEM is an
aggregated descriptor of terrain steepness and may not resolve the field-scale hydraulic features that
regulate ponding and drainage. Previous work on paddy-field land leveling shows that small micro-
relief anomalies can impede water movement and that field leveling, levee layout, and water-pass
management can improve timely and homogeneous drainage [67]. Similarly, water-balance studies in
flat, low-lying paddy areas emphasize that discharge dynamics are shaped by farm drains, drainage
canals, lateral flow, backwater effects, pumping, and other water-control infrastructure [68,69]. Thus,
microtopography, bund configuration, ditch connectivity, outlet condition, and active water-control
practices may be more relevant to drainage behavior than the broader terrain gradient captured by the
DEM-derived slope variable.

Several qualifications are important when interpreting these SHAP results. Because SHAP values
describe contributions within the fitted model, the resulting importance ranking should be interpreted
as model-based predictive importance rather than causal importance. This distinction is important
because several predictors may be correlated, including accumulated rainfall and rainfall intensity,
surface and root-zone soil moisture, and terrain variables that may also covary with region or field
setting. Therefore, the SHAP results are best interpreted as identifying variables that carry predictive
information within the fitted dataset, rather than as isolating independent causal effects.

The residual unexplained variation in drainage duration is also informative. Rainfall, antecedent
wetness, and terrain together explained approximately half of the variation in the fitted model,
suggesting that the remaining variation was influenced by additional factors not represented in
the current analysis. In rice systems, these likely include irrigation scheduling, deliberate drainage
management, bund manipulation, outlet control, crop growth stage, and local hydraulic connectivity
[64,65,67]. Such controls are consistent with the observed seasonal and field-level heterogeneity
discussed above, yet they were not available in a sufficiently consistent and accurate form for direct
inclusion in the model. Since some fields contributed multiple events, the effective independence
among observations may also be lower than the total number of detected events. Future analyses
using field-level grouping, hierarchical models, or grouped validation would help separate event-scale
variability from persistent field-level controls. The explanatory model should therefore be interpreted
as identifying environmentally meaningful correlates of drainage duration, rather than as a complete
accounting of all relevant controls.

Overall, the explanatory analysis indicates that drainage duration in the monitored rice fields
cannot be understood solely as a function of antecedent wetness or rainfall amount in isolation. Instead,
it appears to emerge from the combined influence of event-scale rainfall input, antecedent subsurface
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storage, and broader field setting, with additional modulation by unobserved management and
penological factors. Because the SHAP dependence plots were not stratified by region or season, some
apparent relationships may also reflect spatial or seasonal clustering among events. In this respect,
the model is most valuable not as a predictive endpoint, but as a framework for identifying which
remotely sensed environmental variables carry interpretable information on drainage persistence and
which relationships remain conditional, indirect, or context dependent.

4.3. Field-Scale Hydrological Condition Determination with PALSAR-2

In Section 3.2.1, anomalously high backscatter observations acquired on 10 September 2024 were
excluded from the analysis due to their suspected artefactual origin. Nevertheless, should these
extreme values are confirmed to be valid, they may serve as reliable indicators of fields in semi-
inundation conditions and motivate further investigation. Overall, the results presented in Figure 11
suggest that, while dual-polarization backscatter features capture general inundation-related trends,
they are insufficient on their own for robust classification or determination or for determining the
vertical distribution of field-scale water levels.

At first glance, defining a semi-inundation class spanning water levels from +40 to -110 mm
may appear counterintuitive. However, this approach reflects the actual field conditions, where
micro-topographic variability causes spatial heterogeneity in surface condition within the field. This
heterogeneity results in mixed backscatter signals arising from surface water patches within the field
(Figure 12). Consequently, the observed backscatter does not necessarily correspond to point-based in
situ water level measurements. Therefore, adopting an inundation classification scheme that explicitly
incorporates a transitional semi-inundated class, rather than relying solely on a fixed surface water
threshold (0 mm), is more physically appropriate for operationally use of L-band SAR backscatter for
detecting inundation conditions in paddy fields. However, this definition of semi-inundated condition
differs from that of [21], which shows the SAR sensitivity for water in the shallow soil later up to 5 cm
depth.

The results presented in Figure 11, Figure 13 and Figure 14 collectively highlight the strong
influence of crop growth stage and field-scale variability on SAR backscatter. These effects arise
from the interaction between canopy structure and underlying water condition. During the Early
stage, the sparse and short rice canopy allows SAR signal to interact directly with the surface, and
soil-water interactions dominate backscatter response. In full-inundated fields, specular reflection
leads to lower co- and cross-polarized backscatter, whereas surface scattering dominates in non-
inundated fields producing higher co-polarized backscatter. As the season progresses, the canopy
development enhances volume scattering, increasing cross-polarized backscatter, as illustrated in
Figure 14b. During the Late growth stage, in full-inundated fields the interaction between water-
surface and rice stems promotes double-bounce scattering which is expected to eventually increase
the co-polarized backscatter. However, this pattern is not clearly visible in Figure 14a, likely due
to limited number of samples. Additionally, this could be attributed to the findings of [71], which
indicate that rice plants exceeding approximately 70 cm in height can significantly attenuate backscatter
contributions from the surface, thereby reducing inundation detection accuracy.

The ability to distinguish full-inundated from non-inundated paddies using SAR backscatter has
direct operational relevance for monitoring drainage events associated with water-saving irrigation
practices such as Alternate Wetting and Drying (AWD). AWD involves periodic drying and re-flooding
of paddy fields also to reduce methane emissions, and timely confirmation of drainage events is critical
for assessing AWD adoption and compliance at field scale. The results of this study suggest that HH
and HV SAR polarizations holds potential for detecting such drainage transitions, particularly during
the Mid growth stage Figure 14.

A key limitation of this study arises from the use of a one-sample t-test at the Late growth
stage (Figure 14), reflecting the availability of only a single full-inundated sample. This is because
the fields are intentionally kept non-inundated during the Late growth stage as a farming practice.
This limitation constrains the statistical representativeness of the reference group. Increasing the
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number of full-inundated samples would improve the reliability of the analysis. Furthermore, the
limitations of interpreting inundation status using dual-polarization SAR data alone are consistent
with studies [21,26]. Incorporating full-polarization SAR data and adopting scattering component
decomposition methods would likely enhance classification accuracy and support more reliable
operational applications [21,26,72].

5. Conclusions

Using a large set of in situ sensor-based water-level records from monitored rice fields, this study
quantified field-scale drainage dynamics relevant to AWD and evaluated the sensitivity of open-access
dual-polarization PALSAR-2 observations to hydrological transitions in paddy fields.

Our in situ sensor observations show that, under farmer-managed field conditions, drainage from
near-surface water levels to approximately 15 cm below the soil surface generally occurred within hours
to a few days, rather than over a fixed multi-day interval. Across 564 detected drainage events, the
median duration was 19.0 h, and only five events (0.9%) exceeded 240 h, indicating that events longer
than 240 h accounted for only a small fraction of the observed drainage events. However, drainage
behavior was highly heterogeneous across regions and seasons. Pangasinan was dominated by short-
duration events, whereas Chiba and Cagayan showed relatively longer drainage-duration profiles.
In Pangasinan, dry-season events were longer and recurred more frequently than wet-season events,
suggesting that seasonal water management and field-specific conditions influenced both drainage
duration and drainage frequency. These findings indicate that AWD-related drainage dynamics are
strongly site- and season-dependent, highlighting the need for location-specific interpretation rather
than a single universal drainage-duration assumption.

The field-scale applicability of open-access PALSAR-2 [.2.2 ScanSAR dual-polarization backscatter
was evaluated for detecting inundation conditions across three classes; full-, semi-, and non-inundated
defined using coincident in situ water-level observations. Backscatter signals broadly followed theoret-
ically expected trends with crop development, yet the three inundation classes exhibited substantial
overlap across all growth stages in HH-HYV feature space. A semi-inundation zone was introduced
to account for micro-topographic heterogeneity within fields and moist-soil appearance at shallow
water-level beneath the surface, where mixed scattering mechanisms complicate direct correspondence
between point-based water-level measurements and field-scale backscatter. Statistically significant
differences between full- and non-inundated conditions were observed for HV backscatter during the
Mid growth stage and for the HH/HYV ratio across all stages combined, but class separation remained
insufficient for reliable standalone discrimination. These findings indicate that dual-polarization
L-band SAR alone cannot robustly resolve the hydrological transitions relevant to AWD monitoring.
Incorporation of full-polarization data with scattering decomposition methods is recommended to
improve classification reliability.
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