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Highlights

What are the main findings?
• An SAR-based framework integrating Sentinel-1 phenology detection (planting and har-

vest MAE of 6.1 and 8.3 days; 97.0% detection rate) and ALOS-2 water-level classification
(per-stage Balanced Accuracy 0.59–0.89).

• End-to-end CH4 estimation achieves a full-pipeline MAE of 21.4% relative to ground-
based calculations. Component-wise error analysis identifies water-regime classification
as the dominant uncertainty source, while the IPCC Tier 1 emission factor structural
range (−32% to +48%) exceeds all algorithmic errors combined.

What are the implications of the main findings?
• The framework demonstrates the potential for a scalable, spatially explicit approach

to national MRV systems, offering a high-resolution alternative to conventional
aggregate statistics.

• The findings underscore L-band SAR’s potential sensitivity to sub-canopy inundation,
which can support the remote verification of climate-smart practices, such as Alternate
Wetting and Drying.

Abstract

Rice cultivation is a major source of methane (CH4) emission in the agricultural sector, with
a significantly higher global warming potential than carbon dioxide. Accurate and scalable
quantification of CH4 from rice paddies is essential for carbon accounting. This study
presents an automated framework for estimating rice CH4 emissions from irrigated paddies
in the central plain of Thailand, integrating multi-sensor Synthetic Aperture Radar (SAR)
observations with the IPCC methodology. The framework combines Sentinel-1 C-band SAR
time series for phenological detection, ALOS-2 PALSAR-2 L-band full-polarimetric SAR for
water regime classification, and IPCC water-scaling factors corresponding to Continuous
Flooding, Single Drainage, or Multiple Drainage regimes. Evaluated across five stratified
holdout sets, the phenology detection algorithm achieved planting and harvesting date
Mean Absolute Errors of 6.1 ± 1.4 and 8.3 ± 1.7 days, with a 97.0% ± 2.7% operational
detection rate. Water regime classification employed rice growth stage-specific Support
Vector Machine classifiers with Radial Basis Function kernels (SVM-RBF), achieving per-
stage test Balanced Accuracy ranging from 0.59 to 0.89. End-to-end integration using a
four-track counterfactual decomposition yielded a full-pipeline mean absolute error of
18.5 ± 4.5 kg CH4 ha−1 (21.4% of the mean ground-based CH4 calculation) and a mean
bias of 3.5 ± 5.8 kg CH4 ha−1. Water level classification was confirmed as the dominant

Remote Sens. 2026, 18, 2194 https://doi.org/10.3390/rs18132194

https://crossmark.crossref.org/dialog?doi=10.3390/rs18132194&domain=pdf&date_stamp=2026-07-04
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0003-3213-4807
https://orcid.org/0000-0002-4064-7541
https://orcid.org/0009-0006-8098-7854
https://doi.org/10.3390/rs18132194


Remote Sens. 2026, 18, 2194 2 of 21

algorithmic uncertainty source, while the IPCC Tier 1 emission factor structural range
(−32% to +48% of the default) exceeded all algorithmic errors combined. The proposed
framework provides a spatially explicit approach for integrating multi-frequency SAR
data into IPCC-compliant methane estimation, supporting Monitoring, Reporting, and
Verification applications.

Keywords: GHG; Sentinel-1; ALOS-2 PALSAR-2; IPCC; MRV; food security

1. Introduction
Agricultural activities are one of the largest anthropogenic sources of methane (CH4), a

potent greenhouse gas with a global warming potential approximately 27–30 times greater
than carbon dioxide (CO2) over a 100-year horizon [1]. Among agricultural systems, flooded
rice paddies contribute approximately 8–12% of total global anthropogenic CH4 [2,3], driven
by methanogenesis under anaerobic soil conditions. Southeast Asia dominates global rice
production, accounting for more than two-thirds of the world’s harvested paddy area [4].
In Thailand, rice ecosystems underpin national food security while also contributing
substantially to the national greenhouse gas (GHG) inventory in the agricultural sector [5].

Accurate quantification of methane emissions from rice cultivation is essential for
national carbon accounting and mitigation strategies. Direct chamber-based measure-
ments are accurate at the plot scale but are labor-intensive and spatially limited, hindering
their integration into regional Monitoring, Reporting, and Verification (MRV) systems [6].
Following the Intergovernmental Panel on Climate Change (IPCC) guidelines, methane
emissions are estimated as the product of activity data, a baseline emission factor (EF),
and scaling factors (SFs) that account for water management, organic amendments, and
cultivation conditions [7].

Currently, Thailand’s national reporting estimates CH4 emissions using activity data
from harvested areas categorized by rice ecosystem, paired with emission factors differ-
entiated by region [5]. However, this ecosystem-based approach does not yet account for
the significant mitigation potential of field-level water management. Effective mitigation
relies on practices such as Alternate Wetting and Drying (AWD), which reduces methane
emissions without compromising grain yields [8]. Such water management interventions
are applicable mainly in irrigated rice systems, where water inputs are actively controlled
by farmers [8]. Rainfed, deepwater, and upland rice ecosystems depend on rainfall or
topographic inundation and do not offer equivalent leverage for emission reduction [7].
Although incorporating field-level water management is a priority for future inventories [5],
capturing its spatial heterogeneity at the landscape scale requires a scalable remote sensing
approach. Satellite-based Earth Observation (EO) provides such a scalable solution. In
tropical regions with persistent cloud cover, Synthetic Aperture Radar (SAR) outperforms
optical sensors due to its all-weather imaging capability and sensitivity to surface water
and vegetation structure [9].

Prior EO-based studies have demonstrated CH4 estimation capabilities at multiple
scales. At global scale, Chen et al. [3] mapped monthly rice paddy inundation using Landsat
time series, estimating global rice CH4 at 39.3 ± 4.7 Tg yr−1 and placing Thailand among
the five largest emitting countries. At continental scale, Ouyang et al. [10] combined eddy
covariance measurements with optical satellite predictors in a machine learning model to
produce gridded CH4 flux maps across Monsoon Asia. At regional scale, satellite-based
inverse modeling using TROPOMI atmospheric CH4 observations has been applied to
constrain rice emissions in China [11], and data-driven Gradient Boosting approaches
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using meteorological and satellite-derived indices have demonstrated high-resolution CH4

mapping in paddy fields [12]. At the field scale, SAR-based studies have most directly
targeted IPCC-compatible CH4 estimation.

Previous studies also utilized SAR observations. Torbick et al. [13] integrated multi-
scale satellite data with biogeochemical models to map greenhouse gas emissions in the Red
River Delta, Vietnam. In the Mekong Delta, Arai et al. [14] combined ALOS-2 PALSAR-2
inundation maps with IPCC Tier 1 factors, demonstrating that L-band SAR effectively
detects sub-canopy flooding. More recently, a multi-sensor SAR approach within an
IPCC framework was applied to paddy fields in West Java, Indonesia [15]. These studies
confirm the technical feasibility of integrating SAR observations into the IPCC emission
estimation framework.

Effective integration of SAR observations into an end-to-end CH4 framework requires
combining two complementary SAR frequencies. C-band SAR (5.6 cm wavelength) time-
series data can detect rice phenology, including planting and harvesting dates, which
define the temporal window for methane production [16–19]. Its short wavelength is highly
sensitive to canopy structural changes at field establishment, but backscatter sensitivity
declines as the rice canopy closes, limiting its utility for sub-canopy water detection during
the main growing season [9,20]. L-band SAR (23.5 cm wavelength) provides deeper canopy
penetration, reaching the soil-water surface beneath a closed rice canopy where C-band
energy is attenuated [20,21]. However, the longer L-band revisit interval may miss brief
phenological events such as the field establishment backscatter minimum. The two SAR
frequencies, therefore, serve complementary roles that neither band can fulfill alone, and
accurate estimation of plot-level CH4 activity data requires combining C-band phenology
detection with L-band sub-canopy inundation classification.

Despite these demonstrations, significant gaps remain. Existing studies integrating
SAR-derived inputs with the IPCC Tier 1 framework [14,15] have involved experimental
plots within a single growing season. Per-plot water management classification in these
studies is often substituted by uniform assumptions, masking the landscape and seasonal
variability that drives field-level CH4 differences. The full end-to-end pipeline has, there-
fore, not been validated against independent field records across multiple seasons and
diverse water management practices. A further unresolved issue concerns error attribu-
tion. No study has decomposed the contributions of phenology detection error and water
regime classification error to end-to-end CH4 uncertainty, nor compared these algorithmic
errors against the IPCC Tier 1 emission factor structural range. Without this attribution,
practitioners cannot identify where improvement effort yields the greatest return.

This study addresses both gaps by developing and evaluating an automated SAR-
based framework for estimating irrigated rice CH4 emission density in the Central Plain
of Thailand. The specific objectives are to (1) detect planting and harvesting dates using
time-series C-band SAR data; (2) classify water management regimes during the cultivation
period using L-band SAR observations; and (3) estimate CH4 emissions by coupling SAR-
derived parameters with IPCC emission factors and water-regime-specific scaling factors.
Results are reported as emission density (kgCH4 ha−1), enabling direct comparison between
fixed monitoring networks and probabilistic survey designs independently of plot area.

2. Materials and Methods
2.1. Overview

The proposed framework is shown in Figure 1, which integrates three sequential
processing pipelines. The first pipeline processes the Sentinel-1 VH time-series to detect
planting and harvesting dates, yielding the growing season duration. The second pipeline
classifies each ALOS-2 PALSAR-2 acquisition within the Sentinel-1-detected season window
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as either Inundated or Non-inundated using a machine learning approach, then assigns
a water-scaling factor based on the proportion of Non-inundated observations. The last
pipeline combines both outputs with the IPCC CH4 emission formula:

CH4 (kg season−1) = A × D × EF × SFw (1)

where A (ha) is cultivated areas, D (days) is growing season duration, EF (kgCH4 ha−1 day−1)
is the IPCC Tier 1 default emission factor for Southeast Asia at 1.22 with a structural range of
0.83–1.81 (−32% to +48% of the default), and SFw (unitless) is a water management scaling
factor which represents three water regimes including Continuously Flooded, Single Drainage,
and Multiple Drainage [7]. As the objective is to evaluate remote sensing components in
isolation from area measurements, plot-level area data are not incorporated. Results are
reported as emission density (kgCH4 ha−1 season−1) to enable direct comparison between
ground-based calculations and satellite-derived estimation.

Figure 1. Overview of the SAR-based rice CH4 emission estimation framework, integrating Sentinel-1
phenology detection, ALOS-2 water level classification, and IPCC emission estimation.

In terms of the IPCC Tier framework, this study is classified as Tier 1 applied with
per-plot SAR-derived activity data. While baseline EF and SF values are taken from
IPCC defaults [7], the use of satellite observations to derive plot-specific activity data
improves spatial resolution and temporal specificity over conventional national-inventory
statistics. The key distinction from a conventional Tier-1 application is that activity data
are derived per-plot from satellite observations rather than from aggregated national
statistics. Elevation to Tier 2 would require replacing the default EF with locally measured,
country-specific values derived from direct chamber flux measurements [5,22].
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2.2. Study Area

Figure 2 shows the study area in Thailand’s lower central plains with extensive irri-
gated paddy fields. The area covers four provinces, which include Suphan Buri, Ang Thong,
Sing Buri, and Chainat. This region lies within the Chao Phraya river basin and supports
one of the most intensively cultivated rice landscapes in the country with both single and
double cropping systems. Ground surveys were conducted across fixed monitoring plots.
An additional set of randomized ground survey plots was conducted to collect water-level
management and rice growing stages.

Figure 2. Study area in Thailand’s central plain across Suphan Buri, Ang Thong, Sing Buri, and
Chainat provinces, showing ground survey plots within the ALOS-2 satellite observation path.

2.3. Ground Survey

Ground data were collected using two survey methods. All surveys were conducted
within one day in coordination with ALOS-2 acquisition schedules to ensure close coinci-
dence between satellite and field observations. The ground surveys recorded the actual
in-situ water level state. The rice growth stage was recorded using a standardized four-stage
phenological classification scheme along with water level category, including Inundated
and Non-inundated, as shown in Figure 3.

Sixty fixed monitoring plots were established across the study area, with 20 plots per
growing season. Three growing seasons were covered, including Season 1 (June–October
2024), Season 2 (November 2024–March 2025), and Season 3 (April–August 2025). Each
fixed plot was equipped with three manual water-level monitoring instruments which
were used by trained field surveyors to record inundation depth. Precise planting and
harvesting dates were also recorded. An additional set of plots was surveyed using
a randomized design. This survey was introduced to broaden spatial and agronomic
coverage, particularly to augment underrepresented water management classes. A total of
399 unique samples were collected during June–September 2025. The exact planting and
harvesting dates were not captured.

To obtain robust performance estimates, the 60 fixed plots were partitioned into five
stratified sets using a repeated random assignment strategy. In each set, 20 plots (33% of
fixed plot samples) were withheld as holdout and the remaining 40 served as the training
pool for all parameter optimization and model development. Holdout sets were stratified
to maintain approximate proportions of Season 1, Season 2, and Season 3 plots across
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sets. This approach preserves representation of water management classes including
the Continuously Flooded plots concentrated in Seasons 1 and 3. The manual survey
observations were not subject to holdout exclusion as they lack planting and harvesting
dates and cannot contribute to end-to-end evaluation.

(a) Early Vegetative (0–35 days) (b) Tillering–Elongation (36–60 days)

(c) Reproductive (60–90 days) (d) Ripening (>90 days)

(e) Non-inundated (≤ 0 cm) (f) Inundated (>0 cm)

Figure 3. Photographic examples of ground-truth rice phenological stages and field water-level
conditions. Stages (a–d) illustrate canopy progression, while (e,f) contrast the baseline water levels.

2.4. Satellite Data
2.4.1. Sentinel-1 C-Band

Sentinel-1 C-band SAR imagery was obtained from the Google Earth Engine (GEE)
cloud-computing platform [23] as Level-1 Ground Range Detection (GRD) products. Data
were acquired in descending passes at a nominal 12-day repeat cycle, covering all 60 fixed
plots from April 2024 to December 2025. Only the VH backscatter time series was used due
to its greater sensitivity to rice canopy volume scattering and exhibiting the characteristic
temporal pattern which can be used to identify rice cultivation phenology [9,16,18,20,24].
VV backscatter retains a stronger surface-scattering contribution throughout the growing
season and does not exhibit the same sharp, consistent minimum at field establishment.
VH backscatter coefficients were converted to linear scale for zonal averaging per plot and
subsequently reconverted to decibels (dB) for algorithm application. Technical specifica-
tions for both Sentinel-1, including frequency, spatial resolution, polarisation, revisit time,
and acquisition coverage, are summarised in Table S1.

2.4.2. ALOS-2 L-Band

ALOS-2 carries the Phased Array type L-band Synthetic Aperture Radar-2 (PALSAR-
2) operating at a center frequency of 1.2 GHz with a 14-day nominal revisit cycle. The
longer L-band wavelength enables canopy penetration more effectively than C-band, which
provides sensitivity to sub-canopy water conditions that are attenuated by the rice plant
volume [21,25]. The full-polarimetric PALSAR-2 data were acquired in Stripmap mode
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at 6 m spatial resolution. Level 1.1 product in the CEOS format was processed using the
Sentinel Application Platform (SNAP) provided by ESA [26]. The processing steps included
radiometric calibration, Lee sigma speckle filtering, and terrain correction using SRTM 1
sec DEM. Freeman–Durden decomposition [27] was applied to get surface scattering (surf),
volume scattering (vol), and double-bounce (dbl). Additionally, the covariance matrix (C3)
was also applied to extract VV, HV, and HH polarization. This yields a total of six input
features. Pixel values were extracted using a two-pixel interior buffer to reduce backscat-
ter contamination from plot-boundary features including irrigation channels, vegetated
bunds, and adjacent non-rice land cover. Such features can generate anomalous returns
including double-bounce scattering between the water surface and raised bund walls. A
one-pixel buffer is insufficient to clear narrow bunds, while a larger buffer would reduce
the effective sampling area of smaller plots to an impractical size. Technical specifications
for ALOS-2 PALSAR-2, including frequency, spatial resolution, polarisation, revisit time,
and acquisition coverage, are summarised in Table S1.

2.5. Framework Development
2.5.1. Rice Phenology Detection

The algorithm was developed through systematic analysis of Sentinel-1 VH backscatter
temporal profiles from fixed plots, covering growing seasons of 105–133 days. Inspection of
these profiles revealed a characteristic VH pattern tied to rice age (Figure 4). VH decreases
sharply from field establishment, reaching a minimum at approximately 10–15 days when
the inundated or waterlogged surface dominates the radar response while the young,
sparse canopy contributes minimally to backscatter. This is followed by a recovery as
canopy biomass accumulates through the tillering and reproductive phases, reflecting
increasing volume scattering from elongating stems and leaves.

Figure 4. Sentinel-1 VH backscatter temporal profiles aligned to days after planting (DAP) for all
60 monitoring plots (grey) with the mean trend (red).

The identified transitions form the physical basis for the planting detection algorithm,
which operates through three sequential steps. First, the algorithm scans the VH time-series
for a local minimum below a specified valley threshold (valley_thresh). When such a mini-
mum is found, the planting date is assigned to the prior Sentinel-1 observation, since the VH
minimum occurs 10–15 days after field establishment. Second, a false-alarm reset cancels
the candidate if VH recovers sharply above a recovery threshold (recover_thresh) within a
specified window (false_alarm_days). This rejects short-duration inundation events such
as pre-season land preparation flooding that produces a spurious early minimum before
actual field establishment. Third, a refinement step searches within a subsequent window
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(refine_days) and updates the planting candidate if any of the following conditions are
met: (i) a subsequent, lower valley is detected; (ii) the depth difference between the two
valleys falls within a defined tolerance; or (iii) only one signal within the window passes
the valley threshold. This handles the case where pre-season land preparation flooding
produces a spurious early VH minimum, followed by the true planting event weeks later.

Following planting date detection, harvest is identified as the first occurrence of VH recover-
ing above a minimal threshold (harvest_min_vh) set in either a peak (VHt−1 ≤ VHt ≥ VHt+1)
or ascending (VHt−1 ≤ VHt ≤ VHt+1) backscatter pattern. These patterns reflect the biological
signal of crop maturation approaching harvest. If no qualifying pattern is detected after the
harvesting search period (window_thresh) but before 132 days, the harvesting date is assigned
based on the expected season duration.

Algorithm parameters were optimized by grid search across the six parameters listed
in Table 1. For each holdout set, the grid search was applied to the 40 non-holdout training
plots. The selection criterion required both planting and harvest to achieve ≥ 95% detection
accuracy within ±24-day error on the training pool where achievable; if no parameter
combination met this threshold, the selection fell back to combinations achieving the
maximum attainable detection rate. The objective was to minimize a composite error
combining planting MAE and harvesting MAE, which are critical anchors for ALOS-2
stage alignment.

Table 1. Grid search parameter ranges for phenology detection. Grid search is applied independently
to each of the five holdout sets using the 40 non-holdout training plots.

Parameter Description Search Range

valley_thresh VH valley threshold for planting detection (dB) −23.3, −22.7, −22.5, −22.3, −22.0, −21.7
recover_thresh False-alarm cancellation VH threshold (dB) −15.0, −14.7, −14.5, −14.3, −13.7, −13.0
false_alarm_days False-alarm check window (days) 12, 24, 36, 48
refine_days Valley refinement search window (days) 48, 60, 72, 84
harvest_min_vh Harvest detection VH threshold (dB) −18.0, −17.7, −17.5, −17.3, −17.0, −16.7
window_thresh Lower bound of harvest search window (days) 95, 100, 105

Algorithm performance was evaluated under a unified protocol applied consistently
across all five randomized sets. For each set, the algorithm was run on the full Sentinel-1
time-series of each plot without a pre-specified season window. When multiple candidate
cycles were detected, the cycle whose planting date fell closest to the ground-truth planting
date within a ±60-day proximity window was selected. Plots for which no candidate
fell within this window were recorded as missed detections and excluded from error
metrics. Performance is reported as Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), Mean Bias Error (MBE), and the fraction of detections within ±24 days of ground
truth. These performance evaluations are computed for planting date, harvesting date, and
growing season duration, where yi denotes the ground-truth value and ŷi is the detected
value for plot i:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (2)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (3)

MBE =
1
n

n

∑
i=1

(ŷi − yi) (4)
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2.5.2. Water Level Classification

The water level classification model was developed within the same five stratified
datasets as used for the phenology detection algorithm. After excluding observations with
missing values, the full usable dataset comprised 621–629 plot-stage observations from
439 rice plots. Table 2 summarizes the composition of the training pool per randomized set.

Table 2. Training pool composition per set based on five randomized set, excluding the 20-holdout
fixed plot. Values that vary across the five sets are reported as mean (min–max).

Inundated Non-Inundated
Growth Stage Total Obs. n % n %

Early Vegetative 150 (147–152) 103 (101–106) 69 47 (45–50) 31
Tillering–Elongation 152 (150–153) 89 (86–91) 59 62 (61–65) 41
Reproductive 128 (127–130) 72 (69–74) 56 56 (54–59) 44
Ripening 196 (195–198) 82 (79–85) 42 114 (111–117) 58

Total 626 (621–629) 346 (340–352) 55 280 (276–284) 45

Eight classifiers were evaluated, which include Support Vector Machine with RBF
kernel (SVM-RBF), Support Vector Machine (SVM-Linear), Logistic Regression, Random
Forest, Gradient Boosting, XGBoost, AdaBoost, and Decision Tree. All models were eval-
uated using 5-fold stratified group cross-validation (CV) to prevent spatial data leakage
between folds [28] and repeated across multiple random seeds. Classifier performance was
estimated using 80%/20% splits of the training pool and reported as mean ± standard
deviation. Class weights were set to account for class imbalance. Classification perfor-
mance is reported using Balanced Accuracy (BA), F1 score, precision, and recall for the
Non-inundated class, with true positive, true negative, false positive, and false negative
represented by TP, TN, FP, and FN respectively. An aggregated confusion matrix summed
across all five sets is also reported.

Precision =
TP

TP + FP
(5)

Recall =
TP

TP + FN
(6)

F1 =
2 TP

2 TP + FP + FN
(7)

Balanced Accuracy (BA) =
1
2

(
TP

TP + FN
+

TN
TN + FP

)
(8)

Six features derived from ALOS-2 full-polarimetric data were used without dimen-
sionality reduction. Although the Freeman–Durden components (surf, vol, dbl) are math-
ematically derived from the C3 covariance matrix (VV, HV, HH) and are, therefore, not
statistically independent, the decomposition provides physically interpretable scattering
contributions [27,29]. These six features carry discriminative information not easily separa-
ble in the raw intensity channels alone [30]. A global model was trained using all growth
stages. Additionally, stage-specific models were independently trained for each of the four
rice growth stages, including Early Vegetative, Tillering–Elongation, Reproductive, and
Ripening. For each stage and randomized set, the per-stage model was selected only when
its multi-seed cross-validation BA exceeded the global model’s BA evaluated on the same
stage subset. The final routing applied was determined by majority vote across the five sets.
This routing criterion was applied using only the training pool, with no access to holdout
data [28].
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Feature importance was assessed using a model-independent approach. For each of
the six features and four rice growth stages, a Mann–Whitney U test was performed to
compare feature distributions between the Inundated and Non-inundated classes across
the full combined dataset. The mean difference between classes (∆x̄, Non-inundated minus
Inundated) was used as the effect size, with larger absolute values indicating greater class
discrimination. Statistical significance was assessed at p < 0.05 [31].

2.5.3. Methane Emission Estimation

The methane emission estimation integrates Sentinel-1 phenology detections and
ALOS-2 water level classifications for the 20 holdout plots in each of the five stratified
sets. Only ALOS-2 acquisitions whose dates fall within the Sentinel-1-detected growing
season window are included in the SF assignment. For each plot and season, all ALOS-2
observations within the detected window are classified, and the count of Non-inundated
predictions (ndry) is used to assign the scaling factor according to the IPCC Tier 1 conven-
tion [7] (Table 3). Temporal continuity and observation intervals are not considered. Only
the count of Non-inundated predictions within the detected window matters, consistent
with IPCC Tier 1 protocol.

Table 3. Default CH4 emission scaling factors for water regimes of irrigated rice during the cultivation
periods relative to Continuously Flooded fields.

Water Regime Trigger Scaling Factor (SF)

Continuously Flooded ndry = 0 1.00
Single Drainage Period ndry = 1 0.71

Multiple Drainage Periods ndry ≥ 2 0.55

To quantify the error contribution from each algorithmic component, a four-track
evaluation was applied. The first track (ground-based baseline) estimates CH4 using field-
surveyed duration and recorded water level data, providing a reference against which all
algorithmic errors are evaluated. The second track combines the SAR-based phenology
detection algorithm with ground-truth water classification, isolating the error attributable
to phenology detection alone. The third track retains ground-truth season duration while
integrating the ML-based water regime classification, isolating the error attributable to
water level classification alone. The fourth track applies the complete SAR-based pipeline,
using both SAR-detected phenology and ML-based water classification to represent the
fully operational system. Performance is reported as mean absolute error (MAE) and mean
bias error (MBE) in kg CH4 ha−1, averaged across the 20 holdout plots and then across the
five holdout sets.

3. Results
3.1. Rice Phenology Detection

The best-fit parameters were highly consistent across all five holdout experiments
(Table 4). Four parameters, valley_thresh, recover_thresh, false_alarm_days, and re-
fine_days, were identical in all five sets. The harvest detection parameters showed minor
variation. The parameter harvest_min_vh ranged from −18.0 dB to −16.7 dB, while the
parameter window_thresh was 105 days in four sets and 100 days in one. This consistency
across independently drawn holdout partitions indicates that the optimized parameters
are not sensitive to the specific assignment of plots to training or holdout groups.
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Table 4. Modal optimal parameter values across five stratified holdout sets.

Parameter Optimal Value Unit

valley_thresh −22.3 dB
recover_thresh −15.0 dB

false_alarm_days 24 days
refine_days 84 days

harvest_min_vh −17.3 dB
window_thresh 105 days

Across five stratified holdout sets, the phenology detection algorithm detected 97%
± 2.7% of plots per-set. The three missed detections occurred due to a pre-season land
preparation flooding event that generated an early spurious VH minimum before actual
sowing. For the successfully detected plots, the mean planting MAE was 6.1 ± 1.4 days,
harvest MAE was 8.3 ± 1.7 days, and duration MAE was 8.2 ± 1.9 days. The fraction of
detections within ±24 days was 96.9% ± 2.9% for planting, 98.9% ± 2.4% for harvest, and
98.9% ± 2.4% for duration. Figure 5 shows the signed error distribution per holdout set for
all three outputs. Plant date errors were slightly positively biased (MBE = +2.6 days), while
harvest and duration errors showed a consistent negative bias (harvest MBE = −1.8 days;
duration MBE = −4.5 ± 1.1 days), reflecting the algorithm’s tendency to detect slightly
shorter growing seasons. All errors remained within the ±24-day threshold for the large
majority of plot-season evaluations.

Figure 5. Error distribution across five stratified holdout sets for planting date, harvesting date, and
season duration. Each box shows the median and interquartile range. Green dashed lines mark
the ±24-day acceptable error threshold, while the red dotted line indicates the average Mean Bias
Error (MBE).

3.2. Rice Water Regime Classification

SVM-RBF was the top-performing classifier across all five holdout sets. Classifier
selection was based on cross-validation balanced accuracy (BA) computed on the training
pool. Cross-validation was performed using five folds, with all observations from the same
plot assigned to the same fold to prevent data leakage between training and validation
subsets. The mean cross-validation BA was 0.68 ± 0.01 (range 0.664–0.688). Table 5 reports
the full test-set performance, including balanced accuracy, F1 score, precision, and recall for
both classes across all growth stages. The independently evaluated test BA on the held-out
plots was 0.70 ± 0.01 (range 0.689–0.721).
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Table 5. Water regime SVM-RBF classifier performance reported as mean ± SD across five stratified
holdout sets. Overall metrics are averaged across all stages, while per-stage metrics are computed
independently within each stage subset.

Overall Early Vegetative Tillering–Elongation Reproductive Ripening

Balanced
Accuracy 0.70 ± 0.01 0.89 ± 0.01 0.78 ± 0.02 0.59 ± 0.01 0.82 ± 0.03

Non-inundated (NI)
F1 0.69 ± 0.01 0.72 ± 0.02 0.74 ± 0.03 0.57 ± 0.03 0.83 ± 0.04
Precision 0.68 ± 0.02 0.57 ± 0.02 0.76 ± 0.06 0.62 ± 0.03 0.81 ± 0.05
Recall 0.70 ± 0.01 1.00 ± 0.00 0.73 ± 0.04 0.53 ± 0.07 0.84 ± 0.06

Inundated (IN)
F1 0.72 ± 0.01 0.87 ± 0.01 0.81 ± 0.01 0.60 ± 0.02 0.81 ± 0.03
Precision 0.73 ± 0.01 1.00 ± 0.00 0.80 ± 0.03 0.56 ± 0.04 0.83 ± 0.06
Recall 0.70 ± 0.02 0.77 ± 0.02 0.83 ± 0.04 0.65 ± 0.05 0.79 ± 0.05

Figure 6a shows the training-based routing signal, determined by cross-validation
on training data only with no access to the holdout test set. The per-stage model was
selected at Early Vegetative (BA 0.82 ± 0.02 vs. global BA 0.78 ± 0.02), Tillering–Elongation
(BA 0.70 ± 0.03 vs. global BA 0.64 ± 0.03), and Ripening (BA 0.66 ± 0.02 vs. global BA
0.56 ± 0.02). The global model was retained at Reproductive, where it outperformed the
per-stage model (global BA 0.64 ± 0.03 vs. per-stage BA 0.59 ± 0.02). Figure 6b shows the
independent test outcome. The training signal was corroborated at Early Vegetative and
Ripening, where per-stage outperformed global, and at Reproductive where both remained
near chance. At Tillering–Elongation, however, the global model generalized better on the
independent test (BA 0.83 ± 0.01 vs. per-stage BA 0.78 ± 0.02), indicating that the per-stage
cross-validation signal may be overfitted at this stage.

Figure 6. Per-stage routing evaluation across four rice growth stages (mean ± 1 SD across five
stratified holdout sets). (a) Routing signal based on training data only. (b) Independent test outcome.

Table 5 reveals stage-specific recall and precision asymmetries. At Early Vegetative,
Non-inundated recall was 1.00 ± 0.00 across all five holdout sets while Inundated recall was
0.77, indicating that 23% of flooded observations were systematically misclassified as Non-
inundated. Non-inundated precision was 0.57, confirming a tendency to over-predict dry
conditions at this stage. At Tillering–Elongation, the asymmetry reversed. Inundated recall
(0.83) exceeded Non-inundated recall (0.73), consistent with canopy volume scattering
during stem elongation suppressing the dry-soil backscatter signal. At Reproductive, Non-
inundated recall (0.53) was near chance while Inundated recall (0.65) was moderately above
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chance. At Ripening, recall was balanced (Non-inundated 0.84, Inundated 0.79) as canopy
senescence partially restored the soil-water backscatter contrast. Stage-specific confusion
matrices visualising the per-class recall patterns are provided in Figure S1.

Feature discrimination between Non-inundated and Inundated classes was charac-
terized using model-independent Mann–Whitney U tests (∆x̄: mean difference, Non-
inundated minus Inundated; Cohen’s d: standardised effect size) across the full com-
bined dataset (Figure 7). Separability varied substantially across growth stages, peak-
ing at Tillering–Elongation and declining sharply at Reproductive. At Early Vegetative
(days 0–35), surface scattering (∆x̄ = +4.25 dB, d = 0.75, p < 0.001) and VV backscatter
(∆x̄ = +3.28 dB, d = 0.64, p < 0.001) showed the largest class separation, consistent with L-
band sensitivity to the soil-water contrast beneath a sparse canopy. At Tillering–Elongation
(days 36–60), all six features were statistically significant (p < 0.05), with HV and volume
scattering exhibiting the largest effect sizes, reflecting enhanced canopy–radar interaction
during stem elongation. At Reproductive (days 61–90), surface scattering and double-
bounce were no longer significant (p > 0.05) and overall feature separability diminished
substantially, consistent with full canopy closure attenuating the soil-water contrast and ex-
plaining the near-chance classifier performance (BA = 0.59) at this stage. At Ripening (days
91+), HV and volume scattering remained discriminative as canopy senescence partially
restored the soil-water backscatter contrast.

Figure 7. Model-independent feature–class separation per rice growth stage. Each bar shows the
mean difference between classes (∆x̄, Non-inundated − Inundated) based on Mann–Whitney U tests
across the full combined dataset.

3.3. Rice Methane Emission Estimation

To isolate the contribution of each pipeline component to overall CH4 estimation error,
a four-track counterfactual decomposition was applied to the 20 holdout plots in each of
the five sets. Phenology detection succeeded for 97 of 100 plot-season evaluations. The
three missed detections were excluded from the CH4 decomposition.
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Table 6 summarizes the decomposition results against the mean ground-based CH4

calculation of 86.7 ± 3.0 kgCH4 ha−1. Phenology error was small and stable across sets
(MAEpheno = 5.9 ± 1.6 kgCH4 ha−1, 6.8% mean error with range 3.8–7.6%). It showed a
consistent negative bias (MBEpheno = −2.9 ± 1.1 kgCH4 ha−1) from the algorithm detecting
slightly shorter growing seasons. Water level classification was the dominant error source
(MAEwater-level = 15.7 ± 5.1 kgCH4 ha−1, 18.1% error with range 8.8–20.9%). It also had greater
cross-set variability and a positive mean bias (MBEwater-level = +6.6 ± 6.0 kgCH4 ha−1) driven
by SF overassignment in plots with brief or partial drainage events.

Table 6. CH4 error decomposition summary (mean ± SD across five stratified holdout sets,
20 holdout plots each). CH4 pheno detected duration with ground-truth SF (isolates phenology error);
CH4 water-level used ground-truth duration with SAR-based predicted SF (isolates water level error);
CH4 full applied both SAR-derived inputs (full pipeline).

CH4 pheno CH4 water-level CH4 Full

MAE (kgCH4 ha−1) 5.9 ± 1.6 (6.8%) 15.7 ± 5.1 (18.1%) 18.5 ± 4.5 (21.4%)
MBE (kgCH4 ha−1) −2.9 ± 1.1 +6.6 ± 6.0 +3.5 ± 5.8
SF match — 58% ± 12% 58% ± 12%

The full pipeline produced MAEfull of 18.5 ± 4.5 kgCH4 ha−1 (21.4% error) and MBEfull

of +3.5 ± 5.8 kgCH4 ha−1. The modest positive net bias arose from partial cancellation
between the opposing phenology and water-level components described above. Across
all detected plot evaluations, 46% fell within ±10% and 62% fell within ±20% of the
ground-based CH4 estimate. Figure 8a shows per-plot CH4 estimate distributions across
all four evaluation tracks, illustrating the spread attributable to each pipeline component.
Figure 8b contextualizes algorithmic errors against the IPCC Tier 1 EF structural range at
0.83–1.81 kgCH4 ha−1 day−1 or −32% to +48% of the default, which corresponds to −27.7
to +41.9 kgCH4 ha−1 for the mean baseline. This structural error exceeds MAEfull by 1.5 to
2.3 times and MAEpheno by 4.7 to 7.1 times, confirming that EF selection is the dominant
uncertainty source for any Tier 1-based approach regardless of SAR algorithm performance.

Figure 8. CH4 estimation outcomes and uncertainty context. (a) Distribution of CH4 estimates across
all four evaluation tracks; (b) Uncertainty source hierarchy expressed as a percentage of the mean
ground-based CH4 calculation.

Figure 9 presents six representative cases selected to span the primary error modes of
the decomposition, intended as failure-mode diagnostics rather than characterizations
of typical behavior. Figure 9a,b show phenology-dominated errors, where residuals
of 10–13 kgCH4 ha−1 trace to 11–20-day duration underestimates from early planting
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detection. Figure 9c–e illustrate water-level-dominated outcomes across both SF mis-
match directions. The misclassifications that cross an SF class boundary produce errors of
−64 to +65 kgCH4 ha−1 regardless of overall classifier accuracy. Figure 9f demonstrates
cross-pipeline compounding, where a modest phenology offset shifts the ALOS-2 eval-
uation window and excludes a genuine drainage event from the ndry count, amplifying
the water-level error to yield ∆full = +75 kgCH4 ha−1 even though neither component
fails in isolation. Figure 10 places these patterns in spatial context for a representative
seven-plot cluster, illustrating how geographically proximate plots can yield markedly
different SAR-derived water regime assignments and CH4 estimates.

Figure 9. Six examples of CH4 estimation outcomes with per-track error decomposition (∆pheno,
∆water-level, ∆full, in kgCH4 ha−1).
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Figure 10. Spatial outputs for a representative seven-plot cluster (Set1), displayed over ALOS-2
PALSAR-2 false-colour composite imagery (7 June 2025). (a) Field boundaries on satellite basemap
with plot identifiers. (b) SAR-derived water regime class. (c) Full-pipeline CH4 estimate (kg ha−1).
(d) Full-pipeline estimation error ∆full (kg ha−1).

4. Discussion
4.1. SAR Physics and Model Generalization

The multi-sensor design addresses a fundamental trade-off between C-band and L-
band SAR for rice monitoring. C-band Sentinel-1 provides the temporal density needed
to resolve phenological transitions. Its shorter wavelength, however, penetrates poorly
beneath a rice canopy, limiting its utility for water level discrimination. L-band ALOS-2
penetrates the canopy to sense the soil-water surface. Its 14-day revisit interval is too
sparse to characterise phenological timing reliably [21]. This study combines both sensors,
using Sentinel-1-derived season boundaries to gate the ALOS-2 water level evaluation. The
propagation of sensor-specific sampling uncertainty through to end-to-end CH4 error has
not previously been quantified.

The Sentinel-1 phenology detection performance is competitive with established
benchmarks for Southeast Asian rice. Sentinel-1 VH-based algorithms typically report
planting timing errors of 7–14 days in tropical lowland irrigated rice [16–18]. Phung
et al. [32] reported planting and harvesting RMSE of 6.2 and 5.7 days for the Mekong Delta,
comparable to the present study. The 97% operational detection rate supports automated
deployment without manual quality control.

L-band inundation discrimination accuracy varies systematically with growth stage.
During the Early Vegetative stage, sparse canopy allows the L-band signal to interact
directly with the soil-water surface, yielding high classification accuracy. As the canopy
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closes, accuracy degrades progressively, a pattern documented across multiple PALSAR and
PALSAR-2 studies [9,21,25]. Segami et al. [25] quantified this as a decline in classification
accuracy from 88% to approximately 62% once plant height exceeds 70 cm. Per-stage BA
declined from 0.89 at Early Vegetative to 0.59 at Reproductive, corroborating this pattern.
Arai et al. [30] reported an analogous decline in the Mekong Delta. At Reproductive, the
per-stage model offers no cross-validation advantage over the global model. The routing,
therefore, falls back to the global classifier as a direct response to this physical constraint.

The stage-dependent feature importance patterns are consistent with established
L-band scattering models for flooded rice. At Early Vegetative, the soil-water surface
return dominates the polarimetric signal through a sparse canopy. Freeman–Durden
decomposition isolates this surface component more cleanly than raw polarimetric channels,
removing the volume and double-bounce contributions mixed into VV and HH [20,27,33].
At Tillering–Elongation, stem-water double-bounce and volumetric scattering increase
as the canopy develops. Multiple features contribute jointly to class separation at this
stage [21,30]. At Reproductive, discriminability collapses across all six features. This is a
saturation effect that polarimetric feature engineering alone cannot overcome [21,25].

4.2. End-to-End CH4 Estimation

The ground-based CH4 calculation (86.7 kgCH4 ha−1) is an IPCC Tier 1 estimate driven
by field-measured activity data and is not equivalent to a direct chamber flux measurement.
Direct comparison with measured fluxes would require locally calibrated emission factors
that account for soil carbon stocks, cultivar-specific methanogenesis rates, and organic
amendment history, and is deferred to future work.

The full-pipeline MAE of 18.5 ± 4.5 kgCH4 ha−1 (21.4%) is broadly comparable to prior
satellite-based CH4 estimation studies in Southeast Asian irrigated rice. Arai et al. [30] reported
per-plot errors of 15–25 kgCH4 ha−1 using ALOS-2 PALSAR-2 polarimetric decomposition in
the Mekong Delta. Torbick et al. [13] reported regional-scale relative errors of approximately
15–30% using multi-sensor fusion in the Red River Delta. Beyond accuracy, the four-track
error attribution distinguishes this framework from prior single-holdout designs. It directly
identifies whether phenology or water-level estimation is the binding constraint on CH4

accuracy, which aggregate error metrics alone cannot reveal.
The relative magnitude of phenology and water-level errors reflects the different

temporal sampling regimes of the two sensors. The denser Sentinel-1 time series pro-
vides sufficient redundancy for the phenology algorithm to tolerate individual backscatter
anomalies, yielding stable MAEpheno across sets. With only 6 to 9 ALOS-2 acquisitions
per season, individual acquisitions carry disproportionate weight in the SF assignment. A
single misclassification can, therefore, shift the water-level class assignment. The four-track
decomposition links this sensitivity to the 14-day ALOS-2 revisit interval, explaining the
dominance of MAEwater-level over MAEpheno.

Figure 8b shows that the IPCC Tier 1 EF structural range (−32% to +48% of the default)
overshadows both algorithmic error components by factors of 1.8 to 7.1. This identifies EF
selection as the ceiling on absolute accuracy for any Tier 1-based approach. The default
SF values carry analogous structural uncertainty of −25% to +32% per water regime [7].
Saunois et al. [2] identified rice as a major contributor to global methane budget uncertainty,
driven by emission factor heterogeneity rather than activity data errors. These results
establish that improving SAR algorithm accuracy has limited impact on absolute CH4

estimation until EF and SF uncertainty is addressed.
The national inventory comparison supports the Tier 1 default at the regional scale.

Estimated emissions converge within 2% for the Continuously Flooded wet season and
within 1% for the single-drainage dry season [5,7]. Regional agreement does not, however,
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preclude substantial per-plot deviations driven by local soil carbon stocks, cultivar-specific
methanogenesis rates, and organic amendment history. Tier 2 estimation addresses this
by replacing the default EF with locally calibrated rates. Ouyang et al. [10] found that
field-constrained Tier 2 budgets across Monsoon Asia deviated from Tier 1 inventories by
20–40% at the regional level. The per-plot season duration and water regime classifications
produced by this framework are precisely the activity data a Tier 2 calculation requires.
Local EF calibration is, therefore, the highest-impact improvement pathway for future
MRV applications.

4.3. Limitations and Future Work

The current framework has four primary limitations. First, the 14-day ALOS-2 revisit
cycle creates a temporal gap in which short-duration drainage events occurring entirely
between consecutive acquisitions go undetected. Spatial boundary effects from surrounding
bunds and vegetation also necessitate a two-pixel interior buffer, which reduces the effective
footprint of small plots. Future integration of more frequent L-band observations from
ALOS-4, NISAR, and possibly ROSE-L will reduce the temporal gap and improve intra-
season inundation tracking [34].

Second, the Continuously Flooded and Single Drainage water management classes re-
main underrepresented in the holdout evaluation. The mean SF match rate of 58% ± 12%
across all sets, and the high variance in MAEwater-level (range 8.8–20.9 kgCH4 ha−1), partly
reflect this class imbalance. Future work should prioritize balanced collection of Continuously
Flooded and Single Drainage observations across multiple growing seasons to support statisti-
cally robust per-class accuracy assessment. In addition, a small number of experimental plots
equipped with automated water-level loggers or subject to more frequent manual surveys
would help characterise within-season water-level dynamics and improve understanding of
how field conditions relate to SAR-derived classifications.

Third, canopy structure at the Reproductive and Ripening stages introduces an in-
herent classification blind spot. The Reproductive stage model operates near random
classification, as full canopy closure at plant heights exceeding approximately 70 cm decou-
ples SAR backscatter from the underlying surface water status [21,25]. This is particularly
consequential for plots where mid-season drainage is practiced during Reproductive stage.
Such events are simultaneously the most agronomically valuable to detect and the least
likely to be correctly classified. The per-stage routing approach mitigates this by falling
back to the global model at Reproductive where a per-stage model provides no improve-
ment, but it does not resolve the underlying physical saturation. The practical consequence
for CH4 estimation is partly mitigated by common field management practice. AWD
drainage targets the Tillering–Elongation stage and must be completed before panicle
initiation. Drainage during the Reproductive period risks spikelet sterility and yield loss,
and intentional drainage at this stage is, therefore, uncommon [8].

Fourth, the framework’s applicability is presently restricted to irrigated lowland rice,
covering both transplanted and broadcast-sown cultivation. The phenology detection
algorithm exploits the sharp VH backscatter minimum that arises at field establishment
(transplanting or broadcast seeding). Other rice systems may exhibit different water
management practices and consequently different SAR temporal profiles. The five-set
stratified holdout demonstrates within-system generalization across plots and growing
seasons within this specific landscape, but does not substitute for cross-site or cross-system
validation. Geographic extension to other irrigated rice landscapes in Southeast Asia
would require, at minimum, a local parameter re-optimization and ground-truth data
representative of the target system.
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5. Conclusions
This study developed an automated multi-sensor SAR framework for estimating

rice CH4 emissions in irrigated paddies of the Central Plain of Thailand, evaluated
across five stratified holdout sets (20 plots per set). The framework reliably detected
growing seasons (97.0% ± 2.7%) and estimated planting and harvest dates to within
6–10 days on average. Water regime classification accuracy varied systematically by growth
stage, from 0.89 at Early Vegetative to 0.59 at Reproductive, reflecting the physical limit of
L-band canopy penetration at full canopy closure. A four-track counterfactual decomposi-
tion identified water-level classification as the dominant algorithmic uncertainty source
(MAEwater-level = 15.7 ± 5.1 kg CH4 ha−1, 18.1%), with phenology error remaining small
and stable across sets (MAEpheno = 5.9 ± 1.6 kg CH4 ha−1, 6.8%). The full pipeline produced
MAEfull = 18.5 ± 4.5 kg CH4 ha−1 (21.4%), yet both algorithmic errors were substantially
smaller than the IPCC Tier 1 EF structural range (−32% to +48% of the default), establish-
ing EF selection as the binding constraint on absolute CH4 accuracy. The per-plot season
duration and water regime classifications produced by this framework serve directly as
IPCC activity data, supporting spatially explicit CH4 estimation for national MRV systems.
Priority improvement directions include more frequent L-band observations from ALOS-4,
NISAR, and ROSE-L, and local EF calibration for Tier 2 estimation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs18132194/s1, Table S1: Specifications of Sentinel-1 and ALOS-2
PALSAR-2 satellite data used in this study; Figure S1: Confusion matrices for each rice growth
stage (Early Vegetative, Tillering–Elongation, Reproductive, Ripening) using the final routing model
(per-stage SVM-RBF for Early Vegetative, Tillering–Elongation, and Ripening; global SVM-RBF for
Reproductive). Values represent row-normalised recall from pooled test observations across five strat-
ified holdout sets. Grand mean balanced accuracy: Early Vegetative 0.89 ± 0.01; Tillering–Elongation
0.78 ± 0.02; Reproductive 0.59 ± 0.01; Ripening 0.82 ± 0.03.
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