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Highlights 

• A Sentinel-1/2 flood-to-green phenology framework effectively integrated optical 
and SAR evidence for 30 m paddy rice mapping.   

• The training-independent, rule-based approach captured rice growth trajectories 
while maintaining transparent and interpretable classification decisions. 

• - The framework provides a practical alternative to supervised training-dependent 
approaches for large-area rice monitoring. 

• - The approach supports regional agricultural inventory and assessment in Hei-
longjiang and provides a basis for future application across other rice-growing re-
gions. 

Abstract 

Accurate identification of paddy rice from satellite imagery is challenging in heterogene-
ous agricultural landscapes because water, wetland, and vigorous summer vegetation can 
exhibit spectral and radar responses similar to those of rice at individual observation 
dates. This study develops an interpretable, training-independent rice-mapping ap-
proach, meaning that the final classification does not rely on supervised classifier training, 
although manually interpreted locations were used for exploratory threshold selection. 
The approach identifies paddy fields from their characteristic transition from early-season 
inundation to subsequent canopy development. These phenological signals were inte-
grated using explicit decision rules within a cropland-constrained domain, followed by 
persistent-water exclusion and spatial refinement. The framework was applied to the 2025 
rice-growing season in the agricultural regions analyzed in Heilongjiang Province, China, 
using 30 m output mapping. Validation with 695 independent reference observations 
yielded an overall accuracy of 92.09%, Cohen’s kappa of 0.791, rice producer’s accuracy 
of 94.87%, user’s accuracy of 75.90%, and an F1-score of 84.33%. The high producer’s ac-
curacy indicates effective detection of reference rice locations, whereas the lower user’s 
accuracy shows that commission error remains the principal limitation, particularly in 
areas with moisture and vegetation conditions resembling paddy fields. Sequential 
screening further showed that combining phenological evidence with cropland and water 
constraints substantially reduced the candidate mapping domain. The proposed ap-
proach provides an auditable alternative to training-dependent classification workflows 
and offers a transparent basis for repeatable rice mapping and agricultural monitoring, 
while requiring further evaluation across multiple years and regions before broader op-
erational transfer. 
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1. Introduction 
Accurate, timely, and transferable rice mapping is essential for food-security assess-

ment, agricultural management, irrigation planning, and crop production forecasting. Re-
liable information on rice distribution and dynamics supports regional agricultural mon-
itoring and enables improved assessment of crop productivity under changing environ-
mental conditions. However, existing rice mapping approaches are frequently developed 
for specific regions, rely on predefined processing workflows, or depend on single-season 
observations, limiting their transferability and operational application. Satellite remote 
sensing provides an effective solution by enabling repeated, spatially explicit, and large-
area monitoring of agricultural systems. Recent advances in multi-source satellite obser-
vations, cloud computing, and geospatial analysis platforms have further improved the 
capability for operational crop monitoring from regional to national scales [1,2]. 

Rice cultivation exhibits a distinctive phenological trajectory that provides an im-
portant basis for satellite-based identification. Unlike many upland crops, paddy rice typ-
ically undergoes a characteristic transition from early-season flooding during field prep-
aration and transplanting to rapid vegetation development during the growing season. 
During the flooding period, exposed water surfaces generate strong spectral responses in 
water-sensitive indices and characteristic radar backscatter variations, whereas later crop 
development produces increasing vegetation signals and modified microwave responses 
associated with canopy growth. Multi-temporal satellite observations have therefore been 
widely used to exploit the flood-to-green phenological trajectory for rice discrimination. 
Early studies demonstrated that integrating surface-water dynamics with vegetation de-
velopment could effectively identify rice fields using satellite observations [3]. However, 
optical observations acquired during the short flooding period are often affected by cloud 
contamination, atmospheric interference, and confusion with other water-related surfaces, 
reducing the reliability of optical-only approaches [4]. 

The complementary characteristics of Sentinel-1 synthetic aperture radar (SAR) and 
Sentinel-2 multispectral imagery provide new opportunities to overcome these limitations. 
Sentinel-2 captures spectral variations associated with surface water, soil conditions, chlo-
rophyll activity, and crop development, whereas Sentinel-1 provides frequent, weather-
independent observations sensitive to surface roughness, inundation status, and vegeta-
tion structure through VV (Vertical–Vertical) and VH (Vertical–Horizontal) backscatter 
measurements [5]. The integration of SAR and optical observations enables a more com-
plete characterization of rice phenological transitions than single-sensor approaches. In 
addition, cloud-based platforms such as Google Earth Engine (GEE) have substantially 
improved the feasibility of large-scale multi-temporal satellite processing by providing 
efficient access to satellite archives and scalable computational resources [6–8]. 

Recent research has substantially advanced rice mapping through multi-temporal 
satellite observations, machine-learning algorithms, automated sample generation, and 
phenology-based strategies. Earlier MODIS (Moderate Resolution Imaging Spectroradi-
ometer) and Landsat studies established the feasibility of satellite-based rice monitoring 
and provided valuable information for historical agricultural analysis, while Sentinel mis-
sions improved spatial resolution and observation frequency. MODIS–Sentinel-1 fusion 
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approaches have combined temporal continuity with improved spatial detail for rice mon-
itoring across heterogeneous landscapes [9], whereas Landsat-based investigations have 
supported long-term analysis of rice distribution changes across China [10,11]. 

The increasing availability of Sentinel-1 and Sentinel-2 time-series data has further 
promoted operational rice mapping by integrating complementary radar and optical in-
formation. Sentinel-1-based approaches have demonstrated advantages under persistent 
cloud conditions by maintaining observations throughout the rice-growing season [12]. 
To reduce dependence on manually collected training samples, automated mapping 
frameworks have recently been developed. For example, Ref. [13] proposed the Fully Au-
tomated Rice Mapping (FARM) framework, which integrated Sentinel-1 SAR and Senti-
nel-2 time-series imagery with automatic sample generation and machine-learning classi-
fication to support large-area rice mapping without extensive manual labelling. Similarly, 
Ref. [14] developed the Sentinel-1/-2 Phenology-enhanced paddy Rice (SPRC) framework, 
which combined Sentinel-2 phenological characteristics and Sentinel-1 temporal features 
with probabilistic Random Forest classification for automated rice mapping, including 
applications in Heilongjiang Province, China. These studies highlight the importance of 
integrating phenological information and multi-source satellite observations for improv-
ing rice mapping performance. 

Despite these advances, several challenges remain for operational large-scale rice 
monitoring. Many high-performing approaches still depend on extensive reference sam-
ples, complex feature engineering, or machine-learning classifiers, which may reduce 
transferability across regions with different climates, planting calendars, and agricultural 
management practices. From an agricultural monitoring perspective, these limitations re-
strict the timely generation of reliable rice inventories required for crop statistics, produc-
tion assessment, and regional agricultural planning. Although automated classification 
frameworks improve processing efficiency, their decision mechanisms often provide lim-
ited information regarding the physical evidence supporting individual classifications. 
Phenology-based methods improve interpretability by linking satellite observations with 
crop development processes; however, existing approaches frequently rely on fixed tem-
poral windows, empirical thresholds, or regional calibration, which may reduce robust-
ness under variable environmental conditions. Furthermore, most studies emphasize final 
classification accuracy while providing limited evaluation of intermediate evidence con-
tributions, candidate-area reduction, and spatial uncertainty. 

Unlike previous rice mapping approaches that rely primarily on supervised classifi-
cation or isolated phenological indicators, this study develops an interpretable flood-to-
green phenology framework that integrates complementary optical and radar evidence 
throughout the rice growth cycle. The proposed framework introduces transparent evi-
dence-based decision rules, reduces dependence on extensive training samples, and pro-
vides explicit diagnostic uncertainty information, thereby supporting scalable, reproduc-
ible, and operational agricultural rice monitoring over large agricultural regions. 

These limitations are particularly relevant in Heilongjiang Province, northeastern 
China, one of the world’s largest high-latitude rice-producing regions. Rice cultivation in 
this region occurs within complex agricultural landscapes containing maize fields, soy-
bean fields, wetlands, rivers, reservoirs, and other water-related surfaces. Previous studies 
have generated valuable rice products for northeastern China using Landsat, Sentinel ob-
servations, and machine-learning approaches; however, many existing products are either 
restricted to specific regions, developed for historical periods, or dependent on training 
datasets requiring periodic updating [15,16]. Therefore, a province-scale framework that 
directly integrates rice phenological characteristics with multi-source satellite observa-
tions while maintaining transparency, scalability, and diagnostic capability is still re-
quired. 
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To address this gap, this study develops a phenology-constrained Sentinel-1/2 flood-
to-green framework for province-scale rice mapping in Heilongjiang Province, China. The 
framework integrates early-season Sentinel-2 water-sensitive indicators, Sentinel-1 
VV/VH backscatter responses, vegetation development signals, cropland constraints, and 
permanent-water exclusion to identify rice fields according to their characteristic transi-
tion from inundation to canopy greening. Implemented in Google Earth Engine, the 
framework generates a 30 m rice distribution product using transparent evidence integra-
tion rather than dependence on black-box classification models. Independent reference 
samples are used to evaluate mapping accuracy, agreement statistics, omission and com-
mission errors, and diagnostic uncertainty. In addition, the contributions of individual 
evidence components and sequential screening processes are quantified to improve un-
derstanding of the physical mechanisms underlying the classification. The objectives of 
this study are to: 

(1) Develop an interpretable Sentinel-1/2 framework for large-scale rice mapping based 
on flood-to-green phenological evidence; 

(2) Evaluate the complementary contributions of SAR and optical observations for iden-
tifying rice growth transitions; 

(3) Quantify the effects of phenological constraints, land-cover masking, and spatial re-
finement on candidate reduction and classification uncertainty; 

(4) Assess mapping performance and identify potential limitations for operational ap-
plication. 

2. Materials and Methods 
Heilongjiang Province, located in northeastern China (Figure 1), is one of the coun-

try’s major grain-producing regions and comprises 13 prefecture-level administrative di-
visions. Intensive rice cultivation is concentrated primarily in the Songnen and Sanjiang 
plains, whereas forests, uplands, wetlands, rivers, reservoirs, and extensive maize–soy-
bean croplands characterize the broader provincial landscape. The province has a cold-
temperate monsoon climate and is dominated by single-season rice cultivation, with 
spring flooding and transplanting followed by rapid canopy development during sum-
mer [17]. This seasonal transition produces a distinctive inundation-to-greening signal 
that can be detected using multi-temporal satellite observations [18,19]. 

The administrative boundary of Heilongjiang Province defined the spatial processing 
extent, whereas the effective classification domain was restricted by the cropland and wa-
ter-exclusion masks used in the rice-mapping framework. Rice classification, however, 
was restricted to an analytical domain defined by the cropland mask, permanent-water 
and water-edge exclusions, and the availability of the satellite observations required by 
the phenological decision rules. Consequently, the processing extent should be distin-
guished from the effective classification domain. The frequent coexistence of rice paddies 
with wetlands and permanent or seasonally inundated water bodies presents substantial 
classification challenges, while the integration of radar-based inundation information 
with optical water and vegetation signals provides a physically interpretable basis for rice 
discrimination. The combination of extensive single-season rice cultivation, strong inun-
dation-to-greening phenology, heterogeneous agricultural landscapes, and frequent coex-
istence of paddies with wetlands and permanent water makes Heilongjiang an appropri-
ate region for evaluating an interpretable SAR–optical rice-mapping framework. 
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Figure 1. Location of the study area in Heilongjiang Province, China. 

2.1. Data Sources 

The rice-mapping workflow integrated Sentinel-1 synthetic aperture radar, Sentinel-
2 multispectral imagery, ESA WorldCover, and the Joint Research Centre Global Surface 
Water dataset (Table 1). All image selection, temporal compositing, index calculation, log-
ical classification, post-processing, and area estimation were implemented in Google 
Earth Engine (GEE; Google LLC, Mountain View, CA, USA), which supports cloud-based 
analysis of large Earth-observation archives [20]. 

Sentinel-2 surface-reflectance imagery was used to characterize early-season water 
conditions and subsequent canopy development. Sentinel-1 interferometric wide-swath 
observations containing VV and VH polarizations provided weather-independent infor-
mation related to surface inundation and crop structure. The integration of these sensors 
was motivated by their complementary properties: optical observations characterize wa-
ter and vegetation responses directly, whereas C-band SAR remains available under cloud 
cover and responds to changes in surface roughness, water conditions, and vegetation 
structure. Recent rice-mapping frameworks have similarly demonstrated the value of 
combining Sentinel-1 and Sentinel-2 observations across key phenological stages [21,22]. 

ESA WorldCover 2021 v200 was used to restrict the analysis to cropland. This prod-
uct provides global land-cover information at 10 m resolution and was derived from Sen-
tinel-1 and Sentinel-2 observations. Long-term water occurrence and seasonality from the 
JRC Global Surface Water dataset were used to remove persistent water bodies and reduce 
confusion with rivers, lakes, reservoirs, and wetlands [23,24]. 

Table 1. Datasets used in the rice-mapping framework. 

Dataset Principal Variables Spatial Resolution Function 
Sentinel-2 surface re-
flectance 

Blue, green, red, NIR and SWIR 
reflectance 

10–20 m Water, vegetation and canopy-develop-
ment evidence 

Sentinel-1 GRD VV and VH backscatter 10 m Radar-based early-season flood evi-
dence 



Remote Sens. 2026, 18, 3511 6 of 25 
 

https://doi.org/10.3390/rs18203511 

ESA WorldCover 2021 
v200 

Cropland class 10 m Agricultural analysis mask 

JRC Global Surface Wa-
ter 

Water occurrence and seasonal-
ity 30 m 

Persistent-water removal and water-
edge exclusion 

Administrative bounda-
ries 

Province and prefecture bound-
aries Vector Clipping, mapping and area reporting 

Reference observations Rice and non-rice labels Point Independent accuracy assessment 

2.2. Overview and Innovation of the Framework 

This design (Figure 2) is particularly suitable for agricultural monitoring because it 
links satellite observations directly with crop establishment and growth processes rather 
than relying solely on statistical similarity. It first identifies early-season water or satu-
rated-soil evidence, then requires the development of a vigorous summer canopy, and 
finally confirms the classification using either Sentinel-1 flood evidence or an optical in-
crease in vegetation greenness. Cropland masking, permanent-water removal, and spatial 
cleaning are subsequently used to suppress environmentally implausible detections. 

Recent automated frameworks have generated training samples from phenological 
signatures and subsequently applied Random Forest or ensemble classifiers. For example, 
FARM combines Sentinel-1-based sample generation with multiple Random Forest mod-
els, while SPRC incorporates Sentinel-1/2 phenology, feature selection, and probabilistic 
Random Forest voting. Rice-Sentinel adaptively identifies transplanting and rapid-
growth phases from optical and radar time series, whereas other recent methods have 
developed sample-free phenological indices or object-based phenological features for 
large-area mapping. 

In contrast, the present framework does not require supervised model training in its 
final implementation. Its principal innovation is an auditable decision architecture that: 

(i) Links the classification directly to inundation-to-greening rice phenology. 
(ii) Combines optical and SAR evidence through explicit Boolean rules. 
(iii) Separates phenological evidence from environmental plausibility constraints. 
(iv) Exports intermediate evidence layers for diagnostic assessment. 
(v) Quantifies the progressive reduction of candidate areas. This design prioritizes inter-

pretability and computational efficiency while retaining the complementary infor-
mation supplied by optical and radar observations. 
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Figure 2. Conceptual workflow of the Sentinel-1/2 flood-to-green phenology framework for rice 
mapping in Heilongjiang Province. Sentinel-2 provides water, vegetation, and greenness-change 
indicators, while Sentinel-1 VV/VH backscatter offers complementary inundation evidence. The 
fused phenological signals are applied within a cropland-constrained domain after permanent-wa-
ter and edge exclusion, followed by spatial filtering to generate the final 30 m rice map. 

2.3. Image Pre-Processing and Seasonal Compositing 

Two phenological periods were defined for the 2025 single-season rice cycle. The 
flooding and transplanting period extended from 1 May to 30 June, while the canopy-
development period extended from 1 July to 31 August. These fixed windows were de-
fined a priori to represent the expected phenological sequence of single-season paddy rice 
in Heilongjiang, from field inundation and transplanting in late spring to rapid canopy 
development during summer. The windows were selected to provide sufficiently broad 
temporal coverage for seasonal compositing rather than to identify exact planting dates 
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for individual fields. Their definition was guided by the regional rice-growing calendar 
and by the flood-to-green phenological behaviour reported in previous rice-mapping 
studies [25,26]. The temporal windows were specified before final classification and were 
not optimized using the independent validation samples. 

Sentinel-2 observations were filtered spatially to Heilongjiang Province and tempo-
rally to the two phenological windows. Cloud-, cloud-shadow-, cirrus-, and snow-con-
taminated observations were excluded using the available Sentinel-2 quality information. 
Temporal percentile composites were then generated to reduce sensitivity to residual 
cloud contamination, isolated observations, and short-term spectral fluctuations. The 90th 
percentile of the water- and vegetation-sensitive indices was used to represent strong sea-
sonal responses, while the median flood-season NDVI provided the early-season vegeta-
tion baseline. 

Observation availability was quantified on a per-pixel basis after sensor-specific 
quality filtering. For Sentinel-2, valid observation counts were calculated separately for 
the May–June flooding/transplanting and July–August canopy-development periods after 
quality screening. For Sentinel-1, acquisition counts were calculated for the May–June 
flooding/transplanting period used to construct the SAR flood composite. Observation-
count statistics were summarized within the effective analysis domain using the mini-
mum, 25th percentile, median, 75th percentile, maximum, and proportion of pixels with 
zero valid observations. 

Sentinel-1 Ground Range Detected (GRD) observations were obtained from the CO-
PERNICUS/S1_GRD collection in Google Earth Engine and restricted to interferometric 
wide-swath (IW) acquisitions containing both VV and VH polarizations. The Google Earth 
Engine Sentinel-1 GRD collection is preprocessed using the ESA SNAP Sentinel-1 Toolbox 
(S1TBX v11.0.0), including thermal-noise removal, radiometric calibration, and terrain 
correction. No restriction was imposed on ascending or descending orbit direction; there-
fore, all qualifying IW VV/VH acquisitions intersecting the study domain were included. 
No additional incidence-angle normalization or explicit speckle filtering was applied. 
Flood-season VV and VH observations were summarized using the 10th percentile to em-
phasize the low-backscatter response associated with smooth or inundated surfaces. 

Because C-band backscatter can vary with acquisition geometry, including incidence 
angle and orbit configuration, the adopted VV (−14.5 dB) and VH (−21.5 dB) flood-evi-
dence thresholds were treated as empirical criteria for the 2025 seasonal composites rather 
than sensor-invariant physical thresholds. Their transfer to other regions, years, orbit con-
figurations, or incidence-angle distributions may therefore require additional evaluation 
or regional recalibration. Similar temporal-feature and phenology-guided strategies have 
been adopted in recent regional and national rice-mapping studies [25,26]. 

2.4. Optical Indices and Phenological Evidence 

Table 2 presents four spectral indices calculated from Sentinel-2 surface reflectance, 
including Normalized Difference Vegetation Index, Enhanced Vegetation Index, Land 
Surface Water Index, and Modified Normalized Difference Water Index. NDVI and EVI 
represented vegetation development, whereas LSWI and MNDWI characterized early-
season water or saturated-surface conditions. 
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Table 2. Spectral indices used for identifying rice phenological characteristics in the flood-to-green 
mapping framework. 

Indices Formula Purpose in Flood-to-Green Rice 
Mapping 

Citation 

Normalized Difference 
Vegetation Index (NDVI) 

𝑁𝐷𝑉𝐼 = 𝜌ேூோ − 𝜌ோ௘ௗ𝜌ேூோ + 𝜌ோ௘ௗ 

Represents vegetation greenness 
and canopy development; NDVI 
increase indicates rice growth 
progression. 

[27] 

Enhanced Vegetation Index 
(EVI) 𝐸𝑉𝐼 = 2.5ሺ𝜌ேூோ − 𝜌ோ௘ௗሻ𝜌ேூோ + 6𝜌ோ௘ௗ − 7.5𝜌஻௟௨௘ + 1 

Enhances vegetation sensitivity 
under dense canopy conditions 
by reducing soil and atmos-
pheric effects. 

[28] 

Land Surface Water Index 
(LSWI) 

𝐿𝑆𝑊𝐼 = 𝜌ேூோ − 𝜌ௌௐூோଵ𝜌ேூோ + 𝜌ௌௐூோଵ 
Detects surface moisture and 
flooding signals during rice 
transplanting stages. 

[29] 

Modified Normalized Dif-
ference Water Index 
(MNDWI) 

𝑀𝑁𝐷𝑊𝐼 = 𝜌ீ௥௘௘௡ − 𝜌ௌௐூோଵ𝜌ீ௥௘௘௡ + 𝜌ௌௐூோଵ 
Enhances open-water detection 
and reduces confusion with per-
manent water bodies. 

[30] 

Flood-to-green vegetation 
response (ΔNDVI NDVI) 

𝛥𝑁𝐷𝑉𝐼 = 𝑁𝐷𝑉𝐼௚௥௘௘௡,௣ଽ଴ − 𝑁𝐷𝑉𝐼௙௟௢௢ௗ,௣ହ଴ 

Captures the flood-to-green phe-
nological transition; higher val-
ues indicate stronger rice growth 
trajectories. 

[3] 

The use of water-sensitive indices during establishment and vegetation indices dur-
ing subsequent growth follows the physical basis of phenology-based rice mapping. Re-
cent methods have extended this principle through adaptive phenological phases, object-
based features, automatic thresholds, and integrated optical–radar trajectories [17,31]. 

2.5. Evidence-Layer Construction 

Early-season flood-water evidence was identified where either the flood-period 
LSWI or MNDWI exceeded its selected threshold. Green-canopy evidence required both 
high NDVI and high EVI during the summer canopy-development period. The optical 
green-rise condition required a positive increase in NDVI from the early flooding period 
to the summer vegetative period. 

Sentinel-1 flood evidence was identified from low flood-season VV or VH backscat-
ter. The OR relationship between the two polarizations allowed either channel to provide 
radar support, while the OR relationship between SAR flood evidence and optical green 
rise provides two alternative supporting pathways after the required optical flood-water 
and green-canopy conditions have been satisfied. It therefore increases flexibility in the 
supporting evidence but does not compensate for missing optical information required to 
establish flood-water or canopy evidence. Observation availability was evaluated sepa-
rately from threshold response. A valid Sentinel-1 observation that did not satisfy the VV 
or VH flood threshold was treated as negative SAR evidence, whereas locations without 
valid observations were identified from the corresponding observation-count statistics. In 
the Boolean implementation, missing composite values were converted to zero after 
thresholding; therefore, the binary evidence layer itself does not distinguish threshold 
failure from missing observations. 

Table 3 presents thresholds applied uniformly throughout the province. 
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Table 3. Final thresholds used in the framework. 

Evidence Component Final Criterion 

Optical flood-water evidence 𝐿𝑆𝑊𝐼௙௟௢௢ௗ,௣ଽ଴ > 0.03 or 
 𝑀𝑁𝐷𝑊𝐼௙௟௢௢ௗ,௣ଽ଴ > 0.03 

Green-canopy NDVI 𝑁𝐷𝑉𝐼௚௥௘௘௡,௣ଽ଴ > 0.40 
Green-canopy EVI 𝐸𝑉𝐼௚௥௘௘௡,௣ଽ଴ > 0.18 
Optical green-rise response 𝛥𝑁𝐷𝑉𝐼 > 0.05 
Sentinel-1 VV flood evidence 𝑉𝑉௙௟௢௢ௗ,௣ଵ଴ < −14.5 𝑑𝐵 
Sentinel-1 VH flood evidence 𝑉𝐻௙௟௢௢ௗ,௣ଵ଴ < −21.5 𝑑𝐵 
Note: Sentinel-1 VV and VH thresholds are empirical values applied to the 2025 flood-season per-
centile composites and were not incidence-angle-normalized beyond the standard preprocessing of 
the GRD product. 

The decision thresholds were selected through exploratory analysis of the seasonal 
index and backscatter distributions at manually interpreted rice and non-rice locations. 
Candidate values were examined for their ability to distinguish the expected flood-to-
green response of rice from non-rice conditions while remaining consistent with the phys-
ical interpretation of the corresponding optical and SAR indicators and with previously 
reported rice phenology characteristics. The final thresholds were NDVI > 0.40 and EVI > 
0.18 for green-canopy evidence, ΔNDVI > 0.05 for the optical green-rise response, LSWI > 
0.03 or MNDWI > 0.03 for optical flood-water evidence, and VV < −14.5 dB or VH < −21.5 
dB for SAR flood evidence. These values were fixed before the final accuracy assessment 
and were subsequently applied uniformly across the study domain without further opti-
mization using the independent validation samples. They should therefore be interpreted 
as empirically selected regional decision criteria rather than universally applicable thresh-
olds. 

The exploratory threshold-selection set contained 100 rice and 100 non-rice locations 
distributed across representative agricultural and hydrologically influenced environ-
ments, including paddy fields, other cropland, and water-edge areas. These locations 
were separate from the 800 candidate locations used for independent accuracy assess-
ment, with no shared points or fields. 

The VV and VH thresholds were applied to the temporally composited, terrain-cor-
rected backscatter data without explicit incidence-angle normalization. Because C-band 
backscatter varies with acquisition geometry, these thresholds should be regarded as 
study-specific empirical criteria, and their transfer to other regions, years, or orbit config-
urations may require additional evaluation or regional recalibration. 

2.6. Analysis Mask and Rule-Based Classification 

The analysis domain was restricted to World Cover cropland. Permanent water was 
defined using JRC Global Surface Water occurrence and seasonality thresholds, and the 
resulting water mask was expanded by a 60 m buffer to reduce confusion along water 
edges. Persistent surface water was removed using JRC water occurrence and seasonality 
information, and a buffer around the resulting water mask was excluded to reduce false 
detections along riverbanks, reservoir margins, and wetland edges. The final raw classifi-
cation required the simultaneous presence of early flood-water evidence, summer canopy 
development, and at least one supporting flood-to-green pathway. To assess the influence 
of the ESA WorldCover 2021 cropland constraint on the 2025 classification, an additional 
sensitivity experiment was conducted in which the cropland restriction was removed 
while all other components of the framework were held unchanged. The permanent-water 
and water-edge exclusions, phenological thresholds, Sentinel-1/2 evidence rules, con-
nected-component filtering, and neighbourhood-based spatial refinement were identical 
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to those of the baseline configuration. The unmasked classification was evaluated using 
the same independent validation samples as the WorldCover-constrained baseline. This 
phenology-based decision rule was expressed as Equation (1): 𝑅௥௔௪ = 𝐹௪௔௧௘௥ ∩ 𝐺௖௔௡௢௣௬ ∩ ሺ𝐹ௌ஺ோ ∪ 𝐺௥௜௦௘ሻ ∩ 𝑀௔௡௔௟௬௦௜௦  (1)

where 𝐹ௐ௔௧௘௥  denotes optical flood-water evidence, 𝐺ୡୟ୬୭୮୷  denotes green-canopy evi-
dence, 𝐹ௌ஺ோ  denotes radar flood evidence ,𝐺௥௜௦௘  denotes the flood-to-green NDVI in-
crease, and 𝑀௔௡௔௟௬௦௜௦ denotes the final analysis mask. 

Accordingly, the SAR/green-rise alternative operates only as a supporting condition; 
optical flood-water evidence and green-canopy evidence remain mandatory for every rice 
candidate. Unlike a conventional supervised classifier, this rule allows each mapped pixel 
to be traced directly to the biophysical evidence responsible for its inclusion. This trans-
parency is particularly useful in landscapes where rice coexists with wetlands, water bod-
ies, and other vigorous summer crops. 

2.7. Spatial Post-Processing 

The raw binary classification was refined using connected-component and neigh-
bourhood operations (Equation (2)). Patches containing fewer than four connected rice 
pixels were removed to reduce isolated noise. A 30 m focal-mode operation was then used 
to fill small gaps and improve spatial coherence. The final post-processing operation can 
be written as: 𝑅௙௜௡௔௟ = 𝐹𝑜𝑐𝑎𝑙𝑀𝑜𝑑𝑒ሺଷ଴௠ሻ൫ோೝೌೢ∩ሺ஼௢௡௡௘௖௧௘ௗ௉௜௫௘௟௦ஹସሻ൯  (2)

where 𝑅௙௜௡௔௟  represents the final rice distribution map after spatial refinement, 𝐹𝑜𝑐𝑎𝑙𝑀𝑜𝑑𝑒ଷ଴௠ denotes a 30 m neighbourhood majority filter, 𝑅௥௔௪ is the initial rice can-
didate map, and 𝐶𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑𝑃𝑖𝑥𝑒𝑙𝑠 ≥ 4 removes isolated patches by retaining only con-
nected components containing at least four pixels. The resulting provincial rice product 
was exported at 30 m resolution. Intermediate evidence layers were exported at 60 m to 
support diagnostic analysis and computationally efficient province-wide visualization. 

To characterize the internal consistency of the supporting evidence, a rule-support 
layer was generated from the final mapped-rice pixels. Pixels satisfying both the Sentinel-
1 flood condition and the optical green-rise condition were classified as strong-support 
rice, whereas mapped-rice pixels satisfying only one of these two supporting pathways 
were classified as reduced-support rice. Thus, strong support was defined as final rice 
AND SAR flood AND green rise, while reduced support was defined as final rice AND 
exactly one of SAR flood or green rise. This layer was used only to describe agreement 
between the two supporting pathways and was not interpreted as an independently val-
idated error or uncertainty probability. 

2.8. Sequential Screening and Area Calculation 

The contribution of individual rules was evaluated by quantifying the proportion of 
candidate pixels retained after four sequential screening stages. These stages included (1) 
identification of flood-water evidence, (2) intersection of flood-water and green-canopy 
evidence, (3) restriction to the cropland-constrained analysis domain with supporting 
phenological conditions, and (4) final rice classification after spatial post-processing. The 
retention rate of each screening step was calculated using Equation (3), which measures 
the relative proportion of pixels maintained after each processing stage. 𝑅𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 = ே೎ೠೝೝ೐೙೟ ೞ೟ೌ೒೐ே೛ೝ೐ೡ೔೚ೠೞ ೞ೟ೌ೒೐ × 100  (3)

where 𝑁ୡ୳୰୰ୣ୬୲ ୱ୲ୟ୥ୣ represents the number of pixels retained after a specific screening op-
eration, and 𝑁୮୰ୣ୴୧୭୳ୱ ୱ୲ୟ୥ୣ represents the number of pixels before applying that operation. 
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This metric quantifies the relative contribution of each rule independent of the total spatial 
extent. 

Areas associated with the sequential screening stages were calculated using pixel-
area weighting in Google Earth Engine rather than assuming a constant area from raster 
pixel counts. Rice area was calculated as: 𝐴ோ = ∑ 𝑅௜௔೔௡௜ୀଵ   (4)

where 𝐴ୖ represents the estimated rice area, 𝑅௜ is the rice classification value of pixel i (1 
for rice and 0 for non-rice), 𝑎௜ represents the area of pixel 𝑖, and 𝑛 denotes the total num-
ber of pixels within the analysis region. To ensure consistency among intermediate prod-
ucts with different native resolutions, all stage-area statistics were evaluated on a common 
30 m equal-area grid (EPSG:6933). Binary evidence and classification masks were 
resampled using nearest-neighbour assignment, and pixel area was obtained using ee.Im-
age.pixelArea(). Only valid pixels satisfying the corresponding stage mask were included 
in the area summation; masked and NoData pixels were excluded rather than treated as 
non-rice. Areas were initially calculated in square metres and subsequently converted to 
hectares by division by 10,000 and to million hectares (Mha) by division. The same pro-
cessing boundary, target grid, and area-calculation settings were applied to all four 
screening stages to permit direct comparison. The final rice classification was maintained 
at 30 m resolution, whereas the 60 m diagnostic products were treated as separate outputs 
and were not used to derive the reported rice-area statistics. Component sensitivity was 
further evaluated by removing the Sentinel-1 flood pathway, optical green-rise pathway, 
cropland constraint, water-related exclusion, and focal-mode refinement individually, 
and by increasing the minimum connected-patch requirement from four to eight pixels. 
All other parameters were held constant, and each configuration was evaluated using the 
same reference samples. 

2.9. Accuracy Assessment 

A total of 800 candidate reference locations were evaluated for independent accuracy 
assessment. Candidate locations were manually interpreted using high-resolution im-
agery in Google Earth Pro (Google LLC, Mountain View, CA, USA; version 7.3.x) and 
assigned to rice or non-rice only when the reference class could be determined unambig-
uously. The reference imagery primarily covered 1 July to 31 August 2025, corresponding 
to the main canopy-development period of the 2025 rice-growing season. Locations with 
uncertain or mixed interpretation were excluded, removing 105 candidates and leaving 
695 usable samples comprising 156 rice and 539 non-rice observations. Because exclusion 
was based on interpretability, difficult mixed or boundary conditions may be underrepre-
sented in the final validation sample. The reference labels were used only for final accu-
racy assessment and were not used to optimize the classification thresholds. No explicit 
correction for spatial autocorrelation or local clustering was applied. The reported metrics 
therefore represent sample-based point accuracies rather than design-based area-adjusted 
estimates. Ninety-five-percent confidence intervals were estimated using a parametric 
multinomial bootstrap conditional on the observed 2 × 2 confusion matrix with 200,000 
replicates; these intervals do not account for spatial clustering or map-area weighting. The 
validation results represent sample-based point accuracy rather than a design-based area-
adjusted accuracy estimate. Because the available validation dataset did not include stra-
tum inclusion probabilities or area weights, no area-weighted error matrix was calculated. 
In addition, no explicit correction for spatial autocorrelation or potential local clustering 
among reference locations was applied. Accordingly, the reported confidence intervals 
quantify uncertainty associated with the observed confusion matrix but should not be in-
terpreted as accounting for spatial dependence in the validation sample. Overall accuracy, 
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rice producer’s accuracy, rice user’s accuracy, F1-score, omission error, commission error, 
and Cohen’s kappa were calculated using Equation (5a–d). Ninety-five-percent confi-
dence intervals were obtained by multinomial bootstrap resampling of the observed 2 × 2 
confusion matrix. These intervals describe sampling uncertainty conditional on the ob-
served class proportions and do not incorporate spatial-autocorrelation or area-weighting 
effects. 𝑂𝐴 = ்௉ା்ே்௉ା்ேାி௉ାிே  (5a)

𝑃𝐴௥௜௖௘ = ்௉்௉ାிே  (5b)

𝑈𝐴௥௜௖௘ = ்௉்௉ାி௉  (5c)

𝐹1௥௜௖௘ = ଶሺ௉஺ೝ೔೎೐×௎஺ೝ೔೎೐ሻ௉஺ೝ೔೎೐ା௎஺ೝ೔೎೐   (5d)

where TP, TN, FP, and FN denote true positive, true negative, false positive, and false 
negative pixels, respectively. OA represents overall classification accuracy, PA indicates 
the proportion of reference rice pixels correctly identified, UA measures the reliability of 
mapped rice pixels, and F1-score provides a balanced assessment of precision and recall. 

Because the available assessment did not incorporate stratum inclusion probabilities 
or area weights, the reported values represent sample-based point accuracies rather than 
design-based, area-adjusted estimates. Probability sampling, area-weighted error matri-
ces, and uncertainty intervals are recommended where unbiased class-area estimation is 
a primary objective [32]. 

3. Results 
3.1. Provincial Rice Distribution and Mapped Area 

Figure 3 shows the final classification delineated spatially coherent rice-growing ar-
eas within the analyzed agricultural regions of Heilongjiang Province. Mapped rice was 
concentrated primarily in low-lying and intensively cultivated landscapes where irriga-
tion infrastructure and seasonal surface-water conditions support paddy-rice production. 
Comparatively fewer detections occurred in upland, forest-dominated, and non-agricul-
tural areas. 
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Figure 3. Spatial distribution of rice mapped using the Sentinel-1/2 flood-to-green phenology frame-
work within the 2025 analysis domain in Heilongjiang Province, China. Green areas denote identi-
fied rice pixels, while administrative boundaries and geographic features provide spatial context. 
The displayed extent represents the effective analysis domain and should not be interpreted as com-
plete provincial coverage. 

The mapped distribution showed recognizable field-scale clustering and reflected the 
expected association between rice cultivation, flat terrain, and water availability. Repre-
sentative field-scale patterns showed coherent alignment between mapped rice areas and 
individual agricultural parcels, supporting the spatial consistency of the final classifica-
tion within the analyzed domain. Although satellite data were processed within the Hei-
longjiang provincial boundary, the effective rice-mapping domain was restricted by the 
cropland, water-exclusion, and valid-observation masks. Areas outside this domain were 
not eligible for classification and therefore should not be interpreted as confirmed non-
rice. 

Within the defined 2025 analysis domain, the final classification identified approxi-
mately 7.02 Mha of rice. This value was derived from the final binary rice raster using 
pixel-area weighting and therefore refers specifically to the effective classification domain 
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defined by the cropland, water-exclusion, phenological, and valid-data constraints ap-
plied in this study. 

3.2. Spatial Characteristics of the Optical and Radar Evidence 

Flood-water evidence occurred widely across agricultural areas and hydrologically 
influenced landscapes. This broad distribution showed that an early-season water signal 
alone was insufficient for reliable rice discrimination. Sentinel-1 flood evidence was more 
spatially restricted and provided independent support in areas exhibiting a low-backscat-
ter flooding response. 

Green-canopy evidence was also extensive because it included rice together with 
maize, soybean, and other vigorous summer vegetation. The final rice classification was 
substantially more constrained than any individual evidence layer because it required the 
logical intersection of flooding, canopy development, sensor support, and the analysis 
mask. 

The evidence maps (Figure 4) therefore demonstrate that the framework did not treat 
water or vegetation as independently diagnostic of rice. Instead, rice was identified from 
the temporal and logical association of early inundation with subsequent canopy devel-
opment. 

Observation availability was generally sufficient across the effective analysis domain 
but varied spatially among sensors and phenological periods. During the May–June flood-
ing/transplanting period, Sentinel-2 provided a median of 12 valid observations per pixel, 
with an interquartile range of 7–17 observations; 4.0% of pixels had no valid Sentinel-2 
observation after quality screening. During the July–August canopy-development period, 
the median Sentinel-2 observation count was 13, with an interquartile range of 8–18 ob-
servations, and 3.0% of pixels had no valid observations. Sentinel-1 provided a median of 
seven May–June acquisitions per pixel, with an interquartile range of 4–10 observations, 
while only 0.5% of pixels had no valid SAR observation. These results indicate that the 
seasonal composites were supported by multiple observations over most of the analysis 
domain, although local gaps in optical availability remained because of cloud and quality 
screening. 

For Sentinel-1, only 0.5% of pixels lacked a valid May–June observation, indicating 
that complete absence of SAR coverage was uncommon within the analysis domain. The 
straight or block-shaped patterns visible in the SAR flood-evidence layer therefore cannot 
be attributed solely to missing observations and may also reflect spatial variation in ac-
quisition frequency or geometry together with percentile compositing and thresholding. 
Because these effects were not isolated individually, the origin of each boundary should 
be interpreted cautiously. 
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Figure 4. Spatial evidence layers used by the Sentinel-1/2 flood-to-green phenology framework for 
rice mapping in Heilongjiang Province in 2025. (A) Optical flood-water evidence during the field-
flooding and transplanting period, (B) Sentinel-1 SAR flood evidence, (C) green-canopy evidence 
during the vegetative-growth period, and (D) the final rice classification. All panels use a common 
geographic extent and map scale to facilitate direct spatial comparison. 

3.3. Rule-Based Classification Support 

The rule-support layer distinguished mapped rice according to agreement between 
the two alternative supporting pathways. Rice pixels satisfying both SAR flood evidence 
and optical green-rise evidence were classified as strong-support pixels, whereas pixels 
satisfying only one of these pathways were classified as reduced-support pixels. Reduced-
support pixels represented approximately 59.5% of the mapped rice area (Figure 5). This 
proportion quantifies pathway agreement within the rule-based framework and should 
not be interpreted as an error rate or probability of misclassification. 
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Figure 5. Rule-based classification-support map for the 2025 Heilongjiang rice classification. Dark 
green denotes mapped rice supported by both SAR flood and optical green-rise evidence, whereas 
red denotes reduced-support rice pixels supported by only one of these pathways. The support 
classes describe agreement between the two supporting pathways and do not represent probabili-
ties of classification error. 

3.4. Validation and Classification Accuracy 

Figure 6 summarizes the validation-sample screening process. Of the 800 candidate 
validation locations, 105 were excluded because an unambiguous binary reference label 
could not be assigned, resulting in 695 usable samples (86.9% retention). The final valida-
tion set comprised 156 reference-rice samples and 539 reference non-rice samples. Among 
the 695 usable reference samples, 492 non-rice samples and 148 rice samples were cor-
rectly classified. Eight reference-rice samples were classified as non-rice, whereas 47 ref-
erence non-rice samples were classified as rice. The overall accuracy was 92.09%, and Co-
hen’s kappa was 0.791. Rice producer’s accuracy reached 94.87%, indicating that the 
framework detected most reference rice locations (Table 4). Rice user’s accuracy was 
lower, at 75.90%, showing that commission error was the main limitation. The rice F1-
score was 84.33%. 
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The rice omission error was 5.13%, whereas the commission error was 24.10%. In-
spection of the 47 false-positive samples showed that 34 (72.3%) were other cropland with 
maize/soybean-type high-greenness responses, while five (10.6%) occurred near wetlands 
or water edges, five (10.6%) represented other vegetation or non-agricultural surfaces, and 
three (6.4%) were mixed or uncertain. The dominance of other cropland indicates that 
phenological similarity between rice and highly vegetated non-rice crops was the princi-
pal source of commission error. The results consequently indicate a classification with 
high rice sensitivity but more moderate reliability for locations labelled as rice. This pat-
tern is consistent with residual confusion between rice and non-rice agricultural or wet 
surfaces satisfying similar early-water and summer-vegetation conditions. 

Table 4. Accuracy metrics for the final rice map. 

Metric Value (95% CI) 
Overall accuracy 92.09% (90.07–94.10%) 
Cohen’s kappa 0.791 (0.737–0.842) 
Rice producer’s accuracy 94.87% (91.16–98.05%) 
Rice user’s accuracy 75.90% (69.79–81.82%) 
Rice F1-score 84.33% (80.00–88.22%) 
Rice omission error 5.13% (1.95–8.84%) 
Rice commission error 24.10% (18.18–30.21%) 

 

Figure 6. Validation and accuracy assessment of the 2025 Heilongjiang rice map using 695 usable 
reference samples. (A) Confusion matrix showing sample counts and row-normalized percentages, 
with reference classes presented as rows and mapped classes as columns. (B) Rice omission and 
commission errors together with the validation-sample summary. (C) Overall accuracy and rice-
class producer’s accuracy, user’s accuracy, and F1-score with 95% confidence intervals. 
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3.5. Sequential Reduction of the Candidate Domain 

The sequential screening analysis (Figure 7) demonstrated how the evidence layers 
progressively constrained potential rice locations within the study domain (Table 5). 
Early-season flood-water evidence generated the broadest candidate distribution. Its in-
tersection with summer green-canopy evidence removed areas that exhibited water-re-
lated responses but lacked subsequent vegetation development. 

Applying the cropland constraint and excluding permanent-water environments 
produced the largest spatial reduction, demonstrating the importance of environmental 
plausibility constraints for suppressing detections in rivers, reservoirs, wetlands, and non-
agricultural surfaces. Sequential screening progressively reduced the spatial extent satis-
fying the rice-identification criteria. The final connected-component and neighbourhood 
filters further removed isolated pixels and small spatially inconsistent patches. 

 

Figure 7. Sequential spatial screening of rice candidates within the 2025 analysis domain in Hei-
longjiang Province. (A) Early-season optical flood-water evidence, 33.00 Mha; (B) candidates satis-
fying both flood-water and subsequent green-canopy conditions, 31.99 Mha (96.9% of Stage (A)); 
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(C) candidates satisfying the integrated phenological rule and analysis-mask constraints, 7.44 Mha 
(23.3% of Stage (B)); and (D) final mapped rice after connected-component filtering and neighbour-
hood-based spatial refinement, 7.02 Mha (94.4% of Stage (C)). 

Table 5. Sequential reduction of rice-candidate area within the 2025 analysis domain. 

Stage Screening Condition Area 
Relative Area from 
Previous Stage (%) 

A Flood-water evidence 33.00 Mha — 
B Flood water and green canopy 31.99 Mha 96.9% 

C Stage B restricted to the analysis domain and 
supporting phenology 

7.44 Mha 23.3% 

D Final rice following spatial post-processing 7.02 Mha 94.4% 

3.6. Component Sensitivity and Benchmark Comparison 

Component sensitivity was evaluated by modifying individual evidence pathways, 
environmental constraints, and spatial post-processing settings while retaining all other 
parameters unchanged (Table 6). The “No SAR” configuration represents an optical-only 
phenological baseline in which rice candidates were supported by the optical flood-water, 
green-canopy, and green-rise conditions without Sentinel-1 flood support, whereas the 
“No green-rise” configuration retained SAR support but removed the optical greenness-
transition pathway. 

Table 6. Component sensitivity and ablation analysis of the rice-mapping framework. 

Configuration Area (Mha) OA (%) Rice PA (%) Rice UA (%) Rice F1 (%)
Full model 7.02 92.09 94.87 75.90 84.33

Optical-only support (No SAR) 6.60 92.37 89.22 80.98 84.90
No green-rise 5.95 93.24 87.36 83.06 85.15

No cropland mask 7.48 91.80 94.87 73.96 83.16
No water exclusion 7.56 91.37 94.87 74.00 83.15

No focal-mode 6.86 91.65 94.87 74.75 83.62
8-pixel minimum 6.89 92.52 92.50 77.08 84.09

The ablation results revealed a trade-off between rice-detection sensitivity and 
mapped-class precision (Table 6). Relative to the full framework, the optical-only config-
uration (No SAR) reduced mapped area from 7.02 to 6.60 Mha and decreased rice pro-
ducer’s accuracy from 94.87% to 89.22%, while increasing user’s accuracy from 75.90% to 
80.98%. Removing the optical green-rise pathway produced a smaller mapped area of 5.95 
Mha and further reduced producer’s accuracy to 87.36%, although user’s accuracy in-
creased to 83.06%. These results indicate that the combined SAR and optical support path-
ways primarily improve rice detection sensitivity, whereas individual pathways produce 
more conservative mapped areas. Separately, removing the cropland mask, water exclu-
sion, or focal-mode refinement quantified the effects of environmental masking and spa-
tial post-processing independently from the phenological evidence pathways. 

For benchmark comparison, the proposed framework and a 200-tree Random Forest 
classifier were evaluated on the same held-out reference subset using identical seasonal 
optical and SAR variables (Table 7). The metrics in Table 7 were calculated only from this 
common test subset and therefore differ from the full-validation metrics reported in Table 
6. 
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Table 7. Comparison of the proposed framework and Random Forest on the same held-out refer-
ence subset. 

Method OA (%) Rice PA (%) Rice UA (%) Rice F1 (%)
Proposed framework 93.53 95.00 84.44 89.41
Random Forest 89.93 89.47 77.27 82.93

On the shared held-out subset, the proposed framework achieved higher perfor-
mance than the Random Forest baseline across all reported metrics (Table 7). Overall ac-
curacy increased from 89.93% to 93.53%, while rice producer’s accuracy, user’s accuracy, 
and F1-score increased from 89.47%, 77.27%, and 82.93% to 95.00%, 84.44%, and 89.41%, 
respectively. These results demonstrate that explicitly representing the flood-to-green 
phenological sequence provided improved discrimination relative to the conventional 
Random Forest baseline under the same evaluation conditions. 

4. Discussion 
4.1. Spatial Performance Within the Analytical Domain 

The Sentinel-1/2 flood-to-green framework successfully captured the characteristic 
phenological trajectory of paddy rice, where early-season inundation is followed by rapid 
vegetation development. The spatial distribution of mapped rice was consistent with the 
agricultural characteristics of Heilongjiang Province, where rice cultivation is concen-
trated in low-lying plains with intensive irrigation and strong seasonal water-manage-
ment practices. The results demonstrate that rice identification benefits from representing 
crop development as a temporal process rather than relying on individual spectral obser-
vations. 

Previous rice-mapping studies have increasingly exploited multi-temporal optical 
and radar observations to improve classification performance. Sentinel-1 and Sentinel-2 
integration has been shown to provide complementary information under cloud-prone 
conditions, while phenology-based approaches improve discrimination by incorporating 
crop growth characteristics [33]. Automated frameworks such as FARM and SPRC further 
demonstrated the potential of combining phenological features with machine-learning 
classifiers for large-area rice mapping [13,34]. However, many existing approaches still 
depend on training samples, feature selection procedures, or classifier optimization, 
which may limit reproducibility when applied to new regions or years. 

A direct numerical comparison with published phenology-based frameworks was 
not attempted because those methods use different training strategies, feature sets, study 
periods, and validation designs. Their reported accuracies are therefore not directly com-
parable with the present experiment. Instead, the contribution of phenological evidence 
was evaluated internally through the optical-only and pathway-removal ablations in Ta-
ble 6, while a conventional Random Forest baseline was evaluated on a common held-out 
subset in Table 7. 

The major contribution of this study is the development of an interpretable evidence-
based framework in which each rice pixel is supported by explicit phenological and envi-
ronmental conditions. Rather than treating Sentinel-1 and Sentinel-2 observations as in-
dependent classification variables, the proposed method organizes them according to the 
physical sequence of rice growth: early water response, canopy development, and flood-
to-green transition [35,36]. This design improves transparency and enables the contribu-
tion of individual evidence components to be evaluated. Such interpretability is increas-
ingly important for operational remote sensing products where users require not only ac-
curate maps but also information on the mechanisms supporting classification decisions 
[37]. 
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4.2. Mapping Performance, Uncertainty, and Operational Applicability 

The validation results indicate that the framework achieved reliable rice detection 
within the analyzed domain, with an overall accuracy of 92.09%, rice producer’s accuracy 
of 94.87%, user’s accuracy of 75.90%, and an F1-score of 84.33%. The high producer’s ac-
curacy suggests that the flood-to-green constraints effectively captured most reference rice 
locations. However, the lower user’s accuracy indicates that commission errors remain 
the primary challenge, mainly due to confusion with other agricultural or wetland envi-
ronments exhibiting similar combinations of moisture and vegetation responses. The 
false-positive analysis further showed that most commission errors occurred in other 
cropland, suggesting that non-rice crops exhibiting strong summer greenness and occa-
sional early-season wetness can partially mimic the flood-to-green rice signal. 

The rule-support analysis complements the independent accuracy assessment by dis-
tinguishing rice pixels supported by both SAR and optical phenological pathways from 
those supported by only one pathway. The 59.5% reduced-support proportion should 
therefore be interpreted as a measure of internal evidence consistency rather than as an 
error probability. Independent classification error is reported separately through the con-
fusion-matrix-based accuracy assessment. 

The framework also provides operational advantages because it does not require ex-
tensive manual training samples or repeated classifier optimization. The use of Sentinel-
1/2 observations and Google Earth Engine provides a practical basis for future annual up-
dating, while the rule-based structure facilitates interpretation. However, transferability 
requires additional validation across years and regions. However, the framework should 
be considered a phenology-based mapping approach rather than a complete province-
wide rice inventory because validation and area interpretation are limited to the defined 
analytical domain. From an agricultural monitoring perspective, the proposed framework 
offers three practical advantages. First, the use of Sentinel-1/2 time-series observations en-
ables repeatable monitoring without dependence on extensive field sampling. Second, the 
flood-to-green phenological representation corresponds to recognizable rice cultivation 
processes, improving interpretability for agricultural users. Third, the rule-based archi-
tecture facilitates annual updating by adjusting regional phenological windows rather 
than rebuilding complex classification models. 

4.3. Limitations and Future Improvements 

Several limitations should be considered. First, the framework was evaluated for a 
single growing season in Heilongjiang Province. Although the region provides an appro-
priate test environment because of its strong rice flooding and canopy-development sig-
nals, further evaluation across multiple years and different rice-producing regions is re-
quired to assess transferability. 

Second, the current framework relies on predefined phenological periods and empir-
ical thresholds. These parameters were selected according to regional rice-growth charac-
teristics and exploratory separation of rice and non-rice responses but may require adjust-
ment under different planting calendars, irrigation practices, climatic conditions, and Sen-
tinel-1 acquisition geometries. In particular, the VV and VH flood thresholds may be sen-
sitive to incidence-angle and orbit-related variations because no additional incidence-an-
gle normalization was applied in the present implementation. Future studies could incor-
porate incidence-angle-aware normalization together with adaptive phenological detec-
tion, crop calendars, or temperature-based growth models to improve transferability. Fu-
ture work should further evaluate temporal-window sensitivity across multiple years and 
regions to quantify the robustness of fixed seasonal periods. 

Third, the classification is influenced by the static ESA WorldCover 2021 cropland 
layer used to define the agricultural analysis domain. The sensitivity experiment showed 
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that removing this constraint increased the mapped rice area from 7.02 to 7.48 Mha while 
slightly reducing overall accuracy, rice user’s accuracy, and F1-score; rice producer’s ac-
curacy remained unchanged. This indicates that the cropland constraint primarily sup-
presses additional commission-prone detections outside the mapped agricultural domain. 
Nevertheless, because the WorldCover layer predates the 2025 study year, genuine land-
cover changes between 2021 and 2025 may not be fully represented. Future applications 
could therefore incorporate more temporally current or dynamically derived cropland 
masks to reduce dependence on a static land-cover product. However, because the vali-
dation design did not provide a design-based sample of 2025 rice outside the WorldCover 
cropland domain, potential omissions caused by genuine cropland expansion or land-
cover change outside the 2021 mask could not be directly quantified. 

Additional information, including field boundaries, elevation, irrigation datasets, or 
dynamic cropland masks, could further improve discrimination. 

Finally, the strength of the proposed framework is its transparency and simplicity, 
but this also introduces limitations compared with more complex machine-learning ap-
proaches. Future research could explore hybrid strategies that combine interpretable phe-
nological rules with weakly supervised or uncertainty-aware learning models, maintain-
ing physical interpretability while improving adaptability in heterogeneous agricultural 
landscapes. 

5. Conclusions 
This study developed an interpretable Sentinel-1/2 flood-to-green phenology frame-

work for rice mapping within selected agricultural regions of Heilongjiang Province. The 
framework combined early-season optical water evidence, subsequent canopy develop-
ment, Sentinel-1 flood support, cropland constraints, permanent-water exclusion, and 
spatial post-processing through explicit and auditable decision rules. 

The classification achieved a sample-based overall accuracy of 92.09%, a kappa coef-
ficient of 0.791, a rice producer’s accuracy of 94.87%, a rice user’s accuracy of 75.90%, and 
an F1-score of 84.33%. These results indicate strong detection of reference rice locations, 
although commission error remained the dominant source of disagreement. 

Because the analytical domain did not include the complete provincial extent, the 
resulting map must not be presented as a province-wide rice inventory. Within the de-
fined 2025 analysis domain, the final classification identified approximately 7.02 Mha of 
rice. The estimate was derived directly from the final binary classification using pixel-area 
weighting and refers to the effective mapping domain established by the cropland, water-
exclusion, phenological, and valid-observation constraints. The present findings therefore 
concern the spatial distribution and classification performance of rice within the analyzed 
regions rather than the total rice area of Heilongjiang. 

The principal contribution of the framework lies in its transparent integration of phe-
nological, radar, optical, and environmental evidence. Future work should extend the 
analysis to the complete province, verify mapped area through pixel-area calculations, 
conduct probability-based area estimation, and evaluate the method across multiple sea-
sons and agricultural regions. 
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