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Highlights 

What are the main findings? 

• DAEA-Net achieved the highest OA, IoU, F1-score, and Kappa coefficient among the 
compared models; the edge-aware attention block (EAAB) yielded the largest single-
module gain in the ablation experiments. 

• Under the AOI (potential flood-prone area) constraint, PH-MCW achieved an F1-
score of 0.821 on the NDRCC dataset and up to 0.764 on the AIR-PolSAR-Seg-2.0 da-
taset. 

What are the implications of the main findings? 

• Coupling high-resolution paddy rice mapping with multi-source SAR water extrac-
tion provides spatially refined evidence for verifying flood-affected paddy rice in 
complex terrain. 

• The field-scale inundation maps provide spatially explicit evidence for flood-loss ver-
ification and support targeted post-disaster decisions, such as drainage deployment, 
agricultural insurance claim verification, and replanting planning. 

Abstract 

Timely and accurate mapping of flood inundation extents in rice-growing regions is es-
sential for flood damage assessment. However, fragmented fields and heterogeneous land 
cover in complex terrain continue to pose challenges. This study proposes a two-stage 
mapping framework that integrates multi-resolution remote sensing imagery with deep-
learning-based semantic segmentation. First, a dual-attention and edge-aware attention 
network (DAEA-Net) was developed to derive a high-accuracy paddy rice map from very 
high-resolution (VHR) imagery. Second, the flood extent in paddy fields was delineated 
using the prior-histogram marker-controlled watershed (PH-MCW) method on SAR im-
agery with area-of-interest (AOI) filtering based on terrain slope and on the permanent 
water bodies and potentially inundated land types of the land-type survey data. On the 
test set, DAEA-Net achieved the highest OA, IoU, F1-score, and Kappa among the com-
pared semantic segmentation models, including U-Net, HRNet, and DeepLabV3+, with 
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values of 0.9205, 0.8747, 0.9331, and 0.8352, respectively. PH-MCW segmentation with 
AOI filtering, which removes terrain-induced false alarms while retaining water surfaces, 
improved flood-water detection, achieving F1-scores of 0.821 and 0.764 on two flood-val-
idation reference datasets (NDRCC and AIR-PolSAR-Seg-2.0), respectively. The proposed 
framework provides a semi-automated solution for mapping flood inundation over 
paddy rice fields in complex terrain, in which the prior water proportion is refined by 
local inspection before application. 

Keywords: rice mapping; flood inundation; semantic segmentation; synthetic aperture  
radar (SAR); very-high-resolution (VHR) optical imagery 
 

1. Introduction 
Rice is a staple food crop worldwide, and its stable production underpins regional 

food security [1]. Extreme rainfall and the resulting floods can inundate farmland, hinder 
crop growth, and damage agricultural infrastructure; timely delineation of affected areas 
is therefore an important basis for disaster-loss assessment and post-disaster recovery [2]. 
In South China, mountains, hills, valley basins, and coastal plains are interleaved, and 
paddy rice fields are widely distributed in relatively flat areas such as river valleys, allu-
vial plains, and coastal lowlands. These fields are characterized by fragmentation, diverse 
land-cover types, and pronounced spatial heterogeneity [3]. Complex landforms and 
land-use patterns increase the difficulty of fine-scale paddy rice identification, while flood 
impacts exhibit marked spatial variation. Timely delineation of paddy rice areas and their 
flood inundation extents in complex terrain is therefore fundamental to spatial assessment 
of rice losses and agricultural disaster verification. 

Optical remote-sensing imagery records surface reflectance in the visible and near-
infrared spectral regions, where the spectral differences among crops and between crops 
and other land-cover types are directly expressed, making it an important data source for 
crop identification and mapping [4]. At medium and high spatial resolutions, Landsat im-
agery provides a stable basis for long-term crop classification [5], and model-transfer ap-
proaches based on Landsat have further broadened its applicability [6]. Sentinel-2, with 
its higher spatiotemporal resolution and red-edge bands, has expanded the capability of 
crop monitoring [7] and shows better classification performance than Landsat in frag-
mented landscapes [8]. For paddy rice mapping, Sentinel-2 has been widely used [9] and 
can distinguish complex cropping systems such as single-season rice, double-season rice, 
and ratoon rice [10]. Very-high-resolution (VHR) optical imagery can depict field bound-
aries, geometric shapes, and small-scale features such as ridges and ditches in greater de-
tail, providing strong spatial representation in fragmented and interspersed landscapes 
[11,12]. In such landscapes, superpixel segmentation can preserve field-boundary integ-
rity while suppressing complex background interference [12]; by contrast, object-based 
image analysis reduces intra-class heterogeneity through segmentation units [13]. How-
ever, increased spatial detail is accompanied by stronger spatial heterogeneity: within-
class appearance differences and between-class similarities become more prominent, 
making it difficult for traditional classifiers relying on hand-crafted features to maintain 
stable discrimination in complex scenes [11]. More generalizable automatic feature-learn-
ing methods are therefore needed. 

In contrast to traditional supervised classification methods, which rely on hand-
crafted features, deep learning enables end-to-end learning of hierarchical and transfera-
ble features directly from VHR imagery, thereby improving mapping generalization in 
complex farmland scenes [11]. At the application level, previous studies have used rice 
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phenology as a key feature for regional monitoring of planting dynamics [14] and large-
scale rice mapping across climatic zones [15], and have further introduced specialized se-
mantic segmentation networks [16], temporal convolutions and recurrent networks 
[17,18], and phenology-guided deep learning frameworks [19,20] to progressively im-
prove the representation of crop growth dynamics and complex farmland scenes. Re-
cently, Transformer architectures based on self-attention have been preliminarily applied 
to rice identification by exploiting their capacity to model global context [21]. Further-
more, semantic segmentation models, from fully convolutional networks to various 
Transformer variants, have been increasingly applied in remote sensing [22–25]. How-
ever, in fragmented fields and complex landforms with pronounced scale differences, sim-
ultaneously preserving fine field boundaries and exploiting global context remains diffi-
cult. 

Persistent cloud and rain during flood events limit effective optical observation. Syn-
thetic aperture radar (SAR), with its all-day and all-weather observation capability, pro-
vides an important data source for dynamic monitoring of flood water and inundated 
farmland [26–30]. Existing studies have developed threshold-based segmentation, change 
detection, and statistical model approaches for flood-water identification from SAR im-
agery [26–28]. Rice is highly sensitive to inundation, and flood duration is a key determi-
nant of yield loss [31]. The near-real-time observation capability of SAR enables flood-
water information to be obtained under cloudy and rainy conditions; translating this in-
formation into timely maps of inundated paddy rice remains a key challenge for rapid 
disaster-loss assessment. 

To address the above challenges in previous studies, we constructed a two-stage 
framework linking paddy rice extraction with flood inundation identification. Jiang et al. 
[3] previously established a two-stage framework that couples multi-resolution remotely 
sensed imagery with semantic segmentation, in which a cropland mask extracted from 
VHR imagery is used as an area of interest to constrain subsequent flood mapping in 
mountain-dominated terrain. Following this framework, this study extends the mapping 
target from a single land-use class to the extraction of paddy rice as a specific crop class 
within it. Singha et al. [29] combined monthly 10 m Sentinel-1 flood maps with an inde-
pendently produced 10 m Sentinel-1 paddy rice map to estimate flood-affected rice areas 
across Bangladesh during 2014–2018. Their study demonstrated the value of integrating 
crop maps with SAR-derived flood maps for long-term, country-scale assessment, while 
assuming that no drastic changes in paddy rice distribution occurred during the study 
period. In contrast, the present study constructs a 0.5 m paddy rice mask from VHR optical 
imagery supplemented with seasonal NDVI and terrain data, and combines it with event-
specific, multi-source SAR water extraction and terrain- and permanent-water-based con-
straints. The present framework therefore focuses on field-level delineation and false-
alarm suppression in fragmented and topographically complex rice-growing landscapes, 
complementing the large-scale monitoring approach of Singha et al. [29]. Because the 
spectral and textural signatures of paddy rice partly overlap with those of other crops, 
distinguishing it from other crops benefits from seasonal phenological cues [15,18], to-
gether with segmentation components whose multi-scale attention and edge-aware de-
sign are adapted to the fragmented, small-field geometry of paddy rice [16,21]. To meet 
this requirement, a dual-attention and edge-aware attention network (DAEA-Net) for 
paddy rice extraction was proposed. DAEA-Net adopts DeepLabV3+ [32] as the baseline 
framework and introduces three modules; among them, the adaptive multi-scale attention 
module extends the split-fuse-select idea of Selective Kernel Networks [33] from two or 
three kernel branches to seven parallel atrous and pooling branches, the edge-aware at-
tention block (EAAB) follows the MetaFormer design [34] but replaces the token mixer 
with multi-directional edge operators and local spatial attention instead of self-attention, 
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and the dual-attention module is inspired by the attention mechanisms of CBAM [35] and 
adapts them to the fusion of high- and low-level features in the decoder. First, Jilin-1 VHR 
optical imagery was used as the main data source and fused with seasonal normalized 
difference vegetation index (NDVI) and digital elevation model (DEM) data to extract 
high-resolution paddy rice areas. Second, multi-source GF-3 and Sentinel-1 SAR imagery 
was used to obtain water information during flood events. An area of interest (AOI) com-
bining terrain slope with the permanent water bodies and the potentially inundated land 
types in the land-type survey data was applied to the extracted water, so that terrain-
induced false alarms such as shadow and layover are removed while water surfaces and 
potentially inundated land are retained; the flood inundation extent of paddy rice fields 
was then obtained by differencing the pre-event and during-event water extents within 
the paddy rice map. By spatially associating high-spatial-resolution crop mapping with 
dynamic flood monitoring, the framework provides technical support for fine-scale iden-
tification of rice-affected areas in complex terrain. 

2. Study Area and Data 
2.1. Study Area 

Guangdong Province is located in the subtropical monsoon zone, with abundant but 
unevenly distributed precipitation and interleaved mountains, hills, valley basins, and 
coastal plains. Four county-level regions, namely Yingde, Taishan, Lechang, and Ping-
yuan, were selected as the study areas. Together, they cover representative terrain and 
land-use combinations of paddy rice areas in Guangdong, including coastal plains, basin-
valley alluvial plains, mountainous hills, and sloping-field-valley agricultural landforms. 
The contiguity, field size, and boundary morphology of paddy rice fields differ markedly 
among these geomorphic units. The locations and landforms of the four study areas are 
shown in Figure 1. 

 

Figure 1. Location and landform overview of the study areas. (a) Location of Guangdong Province 
(highlighted in pink) within China; (b) distribution of the four study areas (outlined in orange) in 
Guangdong Province; (c) Lechang; (d) Yingde; (e) Pingyuan; and (f) Taishan, showing the terrain 
and landform of each study area. 

Yingde is located in the southeastern part of the Nanling Mountains and the middle 
reaches of the Beijiang River; its paddy rice fields are concentrated along river valleys and 
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alluvial plains. Taishan is located in the southwest of the Pearl River Delta and adjacent 
to the South China Sea. Coastal plains, tidal flats, aquaculture ponds, and paddy rice fields 
are intermingled in Taishan, increasing the risk that ponds and tidal flats are mistaken for 
flood water. Lechang is located in the middle and upper reaches of the Wujiang River in 
northern Guangdong and is dominated by mountainous and hilly terrain; cultivated land 
is mostly distributed on valley terraces and hillside terraces. Pingyuan is located in the 
hilly valley region of northeastern Guangdong at the junction of Guangdong, Fujian, and 
Jiangxi provinces, where mountains and hills account for approximately 80.8% of the land 
area. The main regional flood hazards include Beijiang River flooding in Yingde, typhoon 
rainfall and storm surges in Taishan, and flash floods associated with heavy rainfall in the 
mountainous areas of Pingyuan and Lechang. The four study areas span coastal lowlands, 
the Beijiang basin, the mountainous hills of northern Guangdong, and northeastern hilly 
valleys. Their paddy fields differ in contiguity, field size, and boundary morphology and 
have different flood-response conditions, enabling evaluation of model adaptability to 
complex terrain, non-target low-backscattering features, and mountain shadows. The total 
area, cultivated land area, and mean annual precipitation of the four study areas are sum-
marized in Table 1, with the corresponding official sources and land-survey years speci-
fied below the table. 

Table 1. Total area, cultivated land area, and mean annual precipitation of the four study areas. 

Study Area Total Area (km2) Cultivated Land Area (km2) 
Mean Annual Precipitation 

(mm) 
Yingde 5634.00 911.09 1835.80 
Taishan 3308.25 482.24 1990.20 
Lechang 2419.28 266.23 1522.60 

Pingyuan 1381.00 109.05 1683.60 
Sources: For Yingde, total area and cultivated land area were obtained from the ‘Natural Environ-
ment’ webpage of the Yingde Municipal People’s Government [36], and mean annual precipitation 
from the ‘Climate and Hydrology’ section of Yingde Yearbook 2024 [37]. For Taishan, total area and 
mean annual precipitation were obtained from the ‘Geography’ section of Taishan Yearbook 2024 
(p. 1) [38], and cultivated land area from its ‘Cultivated Land Protection’ section (p. 134) [38], which 
reports the area at the end of 2023. The precipitation value for Taishan represents the 1991–2020 
average. For Lechang, total area was obtained from Lechang Yearbook 2024 (p. 42) [39], cultivated 
land area from the official publication ‘Land Use Status Data from the 2024 Annual Land Change 
Survey of Lechang’ [40], and mean annual precipitation from the ‘Meteorology’ section of Lechang 
Yearbook 2024 (p. 232) [39]. For Pingyuan, total area and mean annual precipitation were obtained 
from the ‘Land Resources’ and climate descriptions on the Pingyuan County People’s Government 
website [41], and cultivated land area from the ‘3–2 Year-end Cultivated Land Area’ table of Mei-
zhou Statistical Yearbook 2024, which reports 163,575 mu (approximately 109.05 km2) of cultivated 
land at the end of 2023. The survey year for Yingde’s cultivated land area is not specified on the 
source webpage. Areas reported in hectares and mu were converted to square kilometers. 

2.2. Data Sources 

2.2.1. Very-High-Resolution Optical Imagery 

Paddy rice extraction was based on 0.5 m very-high-resolution optical imagery. The 
imagery was derived from the 2023 imagery basemap published by the Geographic Infor-
mation Public Service Platform of Guangdong Province (Tianditu Guangdong, adminis-
tered by the Department of Natural Resources of Guangdong Province), whose imagery 
is produced from the Jilin-1 satellite constellation, a Chinese high-resolution optical re-
mote-sensing constellation composed of multiple satellites. The imagery contains red, 
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green and blue visible bands at 0.5 m resolution, enabling fine-grained representation of 
field boundaries, geometric shapes and ridge texture, and it served as the reference layer 
for sample annotation and model training. The imagery is used in accordance with the 
platform’s copyright notice, and the source is acknowledged accordingly. 

2.2.2. SAR Data 

GF-3 is China’s first civilian C-band multi-polarization SAR satellite. L1A single-look 
complex data in Fine Stripmap II (FSII) mode were obtained from the National Remote-
Sensing Data and Application Service Platform, with a spatial resolution of 10 m; the 
cross-polarized HV channel was used in this study. For major flood events, L4 backscatter-
coefficient products specific to each event were obtained from the National Comprehen-
sive Earth Observation Data Sharing Platform. Sentinel-1 data [42] were obtained through 
the Copernicus Data Space Ecosystem (CDSE), using Ground Range Detected (GRD) 
products in Interferometric Wide Swath (IW) mode with VV + VH dual polarization and 
high resolution (HR); the cross-polarized VH channel was used in this study. These prod-
ucts are multi-looked (5 × 1 looks in range and azimuth) and have a spatial resolution of 
approximately 20 m × 22 m (range × azimuth), with a pixel spacing of 10 m × 10 m [43]. 
Fucheng-1 is a C-band SAR satellite with VV single polarization. The data used here were 
acquired in stripmap (SM) mode on 19 June 2024, with a nominal spatial resolution of 
approximately 3 m, and the orthorectified product was resampled to a 3 m pixel spacing. 
For each flood event, SAR images acquired both before and during the event were col-
lected, covering the study area from 1 January 2022 to 31 December 2024. 

2.2.3. Ancillary Data 

Seasonal NDVI data and DEM data were used as supplementary inputs for rice ex-
traction. NDVI data were retrieved from Sentinel-2 MSI multispectral imagery [44] at a 
spatial resolution of 10 m. Quarterly composites represented vegetation-cover dynamics 
at different stages of the rice growing season and provided key phenological information 
for distinguishing paddy rice from other dryland crops. The DEM had a spatial resolution 
of 5 m and was provided by the natural-resources authorities of Guangdong Province. 
The slope layer used in constructing the AOI was derived from the DEM. Township-level 
rainfall data used for the inundation-pattern analysis were obtained from CHM_PRE V2, 
a daily 0.1° gridded precipitation dataset for the Chinese mainland [45], and the township 
statistics cited in Section 4.4 were aggregated over each township area from this grid. 

During the 2023 field survey, nine paddy rice sampling blocks were documented: 
three in Lechang, two in Pingyuan, and four in Taishan. Each block measured 2000 m × 
2000 m, and the locations of the blocks are provided in Table A1. The nine sampling blocks 
were each confirmed by a field-survey point (nine points in total), and the on-site survey 
was conducted in December 2023. Field-survey data of paddy rice areas in Guangdong 
Province were used to annotate training samples for semantic segmentation and to cross-
validate the results, providing independent ground truth for pixel-level accuracy assess-
ment. The existing CCD-Rice and EARice10 datasets were used as public comparison 
products for a qualitative comparison of the spatial pattern and boundary representation 
of the extracted results. 

To validate the accuracy and reliability of flood-inundation extraction, three datasets 
were adopted: two reference datasets for the pixel-level accuracy assessment and one mul-
tisensor image dataset for the cross-sensor assessment. A dataset of the June 2022 Yingde 
flood extent, produced by the National Disaster Reduction Center of China (NDRCC) of 
the Ministry of Emergency Management and distributed through the National Earth Ob-
servation Data Center (NODA), was interpreted from multi-source remote-sensing im-
agery acquired during the event and contains vector boundaries of inundated areas [46]. 
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It contains three GF-3 scenes acquired on 19, 23 and 25 June 2022, and the reference water 
map was interpreted from the scene of 23 June 2022, the acquisition closest to the flood 
peak. The public AIR-PolSAR-Seg-2.0 dataset is a large-scale polarimetric SAR terrain-
classification dataset built on GF-3 L1A images, of which the subset used in this study is 
located in the Foshan area of Guangdong Province and was acquired in November 2016 
[47]. It was designed for deep-learning-based land-cover mapping and contains a water 
class, which was used here to support the evaluation of the water-extraction algorithm on 
stable water bodies. In addition, a flood-disaster remote-sensing image dataset for Mei-
zhou, Guangdong, released by the National Earth Observation Data Center in 2024, pro-
vides contemporaneous imagery of the three sensors (GF-3, Sentinel-1 and Fucheng-1) 
and was used for the cross-sensor assessment. The land-type survey data provided by the 
natural-resources authorities of Guangdong Province cover the whole province, including 
both the four study areas and the Foshan validation area used for the AIR-PolSAR-Seg-
2.0 assessment. 

The eight input bands of DAEA-Net consist of three visible bands (red, green and 
blue) from the 0.5 m imagery, four quarterly NDVI layers derived from Sentinel-2 MSI, 
and one elevation band from the 5 m DEM (Table 2). All auxiliary layers were resampled 
to 0.5 m by nearest-neighbor interpolation so that the eight bands are spatially co-regis-
tered with the very-high-resolution imagery on the same grid. Nearest-neighbor interpo-
lation was adopted because it preserves the original pixel values of the NDVI and eleva-
tion data and avoids the spurious intermediate values that bilinear or cubic interpolation 
would introduce into phenological and terrain gradients. 

The quarterly NDVI layers were generated from Sentinel-2 MSI surface reflectance 
imagery in Google Earth Engine. Cloud, cloud-shadow, snow and water pixels were re-
moved with an SCL-based mask, after which NDVI was computed as (B8 − B4)/(B8 + B4) 
and composited by taking the mean of all valid observations within each quarter of 2023 
(January–March, April–June, July–September and October–December) at 10 m resolution. 
Because paddy fields flooded at transplanting can be classified as water by the SCL mask, 
their NDVI values could be biased during those periods; the quarterly mean compositing 
over all valid observations mitigates, but does not fully remove, this effect. 

The 5 m DEM was provided by the natural-resources authorities of Guangdong Prov-
ince and was used to derive elevation and slope terrain factors. The elevation values were 
normalized to [0, 1] by min–max normalization before being fed to the network. 

Table 2. Composition, source and processing of the eight input bands of DAEA-Net. 

Input Layer Bands Source Processing Role in the Model 

VHR visible im-
agery 

3 (R, G, B) 
Jilin-1 constellation; 

Tianditu Guangdong 2023 
basemap; 0.5 m 

Provincial ortho-mosaic, 
2023 

Spectral and textural field-
boundary features 

Quarterly NDVI 4 Sentinel-2 MSI surface re-
flectance; 10 m 

SCL-masked; NDVI = (B8 − 
B4)/(B8 + B4); quarterly 

mean, 2023 

Seasonal phenology separat-
ing paddy rice from other 

crops 

DEM 1 
Natural-resources authori-

ties of Guangdong Province; 
5 m 

Min–max normalization to 
[0, 1] 

Terrain and slope features 

3. Methods 
This study proposes a two-stage framework for extracting flood inundation over 

paddy rice fields. First, Jilin-1 VHR optical imagery is fused with seasonal NDVI pheno-
logical information and DEM data. An adaptive multi-scale attention module, an edge-
aware attention block (EAAB), and a dual-attention module are introduced into the 
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DeepLabV3+ baseline to construct DAEA-Net, enhancing multi-scale rice-feature repre-
sentation and field-boundary segmentation in complex farmland scenes. Second, water 
and non-water seeds are marked on the multi-source SAR imagery from the prior water 
percentage and the histogram peaks; marker-controlled watershed segmentation is ap-
plied to extract water, and the AOI mask is then applied to the extracted water to remove 
terrain-induced false alarms; the flood-inundated paddy rice area is finally obtained by 
differencing the pre-event and during-event water extents within the paddy rice map. The 
overall framework is illustrated in Figure 2. 

 

Figure 2. Framework of paddy rice inundation mapping. 
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3.1. Semantic Segmentation-Based Paddy Rice Extraction 

3.1.1. Sample Construction and Dataset Partitioning 

High-quality sample annotation is the basis for semantic-segmentation model training. 
Field surveys combined with expert visual interpretation were used to annotate paddy rice 
samples. Nine representative paddy rice sampling blocks, each 2000 m × 2000 m in size, 
were selected within three of the four study areas (Lechang, Pingyuan and Taishan), cover-
ing paddy field distribution patterns in mountainous and hilly terrain, hilly valleys, and 
coastal plains, which, together, account for the great majority of the landforms found across 
the four study areas. Although the blocks cover only 36 km2, a small fraction of the more 
than 11,000 km2 of the four counties, they were selected purposively to capture the main 
geomorphic and field-morphology types of paddy rice in the region. No sampling block 
was located in Yingde, so the rice map of Yingde is an extrapolation from the model trained 
on the other three counties; the implications are discussed in Section 5.4. 

A sliding-window cropping strategy with a stride equal to the tile size was then used 
to cut these blocks into 1425 image tiles of 256 × 256 pixels with their corresponding an-
notation masks, so that adjacent tiles do not overlap and no pixel is shared between any 
two tiles. The dataset was randomly split in a 7:2:1 ratio into training, validation, and test 
sets containing 998, 285, and 142 tiles, respectively. To enlarge the training set and im-
prove generalization [48], four geometric transformations—vertical flip, horizontal flip, 
vertical flip combined with a 90° counterclockwise rotation, and horizontal flip combined 
with a 90° counterclockwise rotation—were applied to the training set, yielding 4990 train-
ing samples. The validation and test sets were left unchanged and used solely for hyperpa-
rameter selection and final accuracy evaluation. Examples of the image tiles and their an-
notation masks are shown in Figure 3. 

 

Figure 3. Typical VHR optical-image tiles and corresponding paddy rice annotation masks from the 
study areas. (a–f) Six representative tiles; in each pair, the left panel shows the VHR optical imagery 
and the right panel shows the corresponding annotation overlaid on the same image, in which yel-
low denotes paddy rice. 
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3.1.2. Semantic Segmentation Model with Dual-Attention and Edge-Aware Attention 

For complex farmland remote-sensing scenes, the encoder–decoder structure of 
DeepLabV3+ [32] was used as the baseline framework. This segmentation paradigm can 
be traced back to fully convolutional networks (FCNs) [49]. DAEA-Net was constructed 
using a multi-branch heterogeneous feature-extraction architecture that fuses the spectral 
and textural information of VHR optical imagery with complementary NDVI and DEM 
features; the eight bands are stacked at the input and processed jointly (early fusion), and 
the parallel branches shown in Figure 4 are the seven AMSA branches, which work at 
different scales on the same fused features rather than on different data sources. DAEA-
Net successively incorporates the adaptive multi-scale attention module (AMSA), the 
edge-aware attention block (EAAB), and the dual-attention module (DualA). DualA 
draws on the channel-spatial attention structure of the convolutional block attention mod-
ule (CBAM) [35]. These modules strengthen adaptive multi-scale aggregation, field-
boundary modeling, and refined fusion of high- and low-level features, respectively. The 
overall structure is shown in Figure 4. 

 

Figure 4. Overall architecture of the proposed DAEA-Net. The blue and red dotted frames indicate 
the encoder and the decoder, respectively. The seven parallel branches in the encoder (yellow boxes) 
form the AMSA, consisting of a 1 × 1 convolution, 3 × 3 atrous convolutions with dilation rates of 3, 
6, 9, 12 and 18, and image pooling. ⊕ and ⊗ denote element-wise addition and multiplication, re-
spectively. The dashed arrows show that the statistical vector S produces the channel-wise adaptive 
weight wi of each branch, and the red vertical frame marks these weights. 

The AMSA is a task-adapted selective-kernel aggregation unit inspired by the basic 
selective-kernel adaptive-fusion principle [33]. Different from the original Selective Kernel 
(SK) Network, which adaptively selects convolution kernel sizes, AMSA achieves multi-
scale receptive-field adaptation by employing atrous (dilated) convolutions with different 
dilation rates together with pooling to form seven parallel branches. Multi-scale features 
with different receptive fields (i = 1, 2, …, 7) are extracted and denoted as Fi. The seven 
branch features are then summed element-wise to form the fused feature Ffuse (Equation 
(1)). Global average pooling (GAP) is applied to Ffuse to aggregate global spatial infor-
mation and produce the global context vector FG̃AP (Equation (2)); a 1 × 1 convolution with 
learnable parameters Wc, followed by batch normalization and ReLU activation δ, pro-
duces the statistical vector S (Equation (3)). Branch-specific projections parameterized by 
Ai and a softmax operation generate the channel-wise adaptive weight wi for each branch 
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(Equation (4)). The weighted branch features are then summed and added to the original 
input feature Fin to obtain the AMSA output Fout (Equation (5)), enabling adaptive multi-
scale context fusion. Unlike the fixed concatenation pattern used by the atrous spatial pyr-
amid pooling (ASPP) branches of DeepLabV3+ [32], these weights vary dynamically with 
the input content and adjust the contribution of each receptive-field branch according to 
field-scale differences. 

𝐹୤୳ୱୣ =෍𝐹௜଻
௜ୀଵ  (1) 

𝐹෨ୋ୅୔ = GAP(𝐹୤୳ୱୣ) = 1𝐻 ×𝑊෍෍𝐹୤୳ୱୣ(𝑖, 𝑗)ௐ
௝ୀଵ

ு
௜ୀଵ  (2) 

𝑆 = 𝛿(BN(𝑊௖ · 𝐹෨ୋ୅୔)) (3) 

𝑤௜ = 𝑒஺೔ௌ∑ 𝑒஺ೕௌ଻௝ୀଵ  (4) 

𝐹୭୳୲ = 𝐹୧୬ +෍𝑤௜𝐹௜଻
௜ୀଵ  (5) 

where Fin denotes the original input feature of the AMSA; Fi denotes the feature generated 
by the i-th multi-scale branch; Ffuse denotes the element-wise sum of the seven branch fea-
tures; FG̃AP denotes the global context vector obtained by global average pooling; H and W 
denote the spatial height and width of the feature map, respectively; GAP denotes global 
average pooling; Wc denotes the learnable parameters of the 1 × 1 channel-compression 
layer; BN denotes batch normalization; δ denotes the ReLU activation function; Ai denotes 
the learnable projection parameters for the i-th branch; and wi denotes the normalized 
adaptive weight of the i-th branch, with Σwi = 1. 

The EAAB module is used to recover field boundaries and enhance edge-aware fea-
ture representation. The module first extracts multi-directional edge features using hori-
zontal, vertical, 45°, and 135° Sobel operators, together with a Laplacian operator, and 
concatenates them along the channel dimension; the Sobel and Laplacian edge kernels are 
fixed 3 × 3 operators applied depthwise (channel-wise) to the feature maps, and the con-
catenated edge features are fused by a 1 × 1 convolution, followed by batch normalization 
and ReLU activation. This captures both coarse-edge responses from first-order gradients 
and fine-edge responses from second-order derivatives. To strengthen effective edges and 
suppress noise, average pooling and max pooling are applied separately; the outputs are 
concatenated and passed through a 7 × 7 convolution and sigmoid activation to generate 
an edge-spatial attention map (Equation (7)), which is multiplied element-wise with the 
edge feature to obtain enhanced edge features. The enhanced edge features are then added 
to the original features and passed through a MetaFormer-style residual block composed 
of LayerNorm and a multilayer perceptron (MLP); LayerNorm is computed over the chan-
nel dimension for each pixel position. By integrating multi-directional gradient infor-
mation with spatial attention, the EAAB module adaptively highlights boundary-relevant 
features while suppressing irrelevant background responses, helping the decoder recover 
linear boundaries such as ridges and ditches and complete field contours (Figure 5). 𝐹 ୢ୥ୣ = Convଵ×ଵ(Concat(𝐺୶,𝐺୷,𝐺ସହ,𝐺ଵଷହ,𝐺୪ୟ୮)), (6) 𝑀ୣୢ୥ୣ = 𝜎(Conv଻×଻(Concat[𝑃ୟ୴୥(𝐹 ୢ୥ୣ),𝑃୫ୟ୶(𝐹 ୢ୥ୣ)])), (7) 
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where Gx, Gy, G45, and G135 denote the edge feature maps extracted by the horizontal, ver-
tical, 45°, and 135° Sobel operators, respectively; Glap denotes the edge feature map ex-
tracted by the Laplacian operator; Fedge denotes the fused edge features; Pavg and Pmax de-
note the average-pooled and max-pooled edge features, respectively; and Medge denotes 
the edge-spatial attention map. 

 

Figure 5. Architecture of the edge-aware attention block (EAAB). 

DualA is inspired by the spatial and channel attention mechanisms of CBAM, but is 
customized for decoder-side cross-level feature fusion for paddy rice segmentation. Ra-
ther than introducing a fundamentally new attention architecture, its main improvements 
lie in the pre-recalibration cross-level fusion design. DualA fuses high-level semantic fea-
tures and shallow spatial features in the decoder. The two features are first aligned in the 
channel dimension by 1 × 1 convolutions and added element-wise to obtain a fused feature 
Fadd (Equation (8)); feature recalibration is then performed sequentially through spatial-
attention and channel-attention stages, and the max-pooling and average-pooling opera-
tions in the CBAM spatial branch are removed. In the spatial-attention stage, the fused 
feature is activated by ReLU, passed through a 1 × 1 convolution, and processed by sig-
moid activation to generate the two-dimensional spatial-attention map Ms (Equation (9)). 
The spatially weighted feature Fspa is then obtained by element-wise multiplication of Ms 
and Fadd (Equation (10)), highlighting paddy rice regions and suppressing background in-
terference. Unlike CBAM, which computes the channel descriptor from the raw input fea-
ture, the spatially weighted feature Fspa is subsequently aggregated by GAP to form the 
channel descriptor D (Equation (11)). Channel weights are generated through an MLP and 
sigmoid activation (Equation (12)), multiplied element-wise with Fspa, and followed by 
batch normalization (another component missing in CBAM) to produce the fused output, 
Fout. The decoder subsequently upsamples this feature stage by stage, restores spatial de-
tails, and uses a prediction convolution and sigmoid activation to output pixel-wise 
paddy rice and background probabilities; a decision threshold of 0.5 is applied to the sig-
moid output to obtain the binary classification of paddy rice and background, as illus-
trated in Figure 6. 𝐹ୟୢୢ = Convଵ×ଵ(𝐹୦)⊕ Convଵ×ଵ(𝐹୪), (8) 𝑀ୱ = 𝜎(Convଵ×ଵ(ReLU(𝐹ୟୢୢ))), (9) 𝐹ୱ୮ୟ = 𝑀ୱ ⊗ 𝐹ୟୢୢ, (10) 

𝐷 = GAP(𝐹ୱ୮ୟ) = ଵு×ௐ∑ ∑ 𝐹ୱ୮ୟ(𝑖, 𝑗)ௐ௝ୀଵு௜ୀଵ , (11) 𝐹୭୳୲ = BN(𝐹ୱ୮ୟ ⊗ 𝜎(MLP(𝐷))), (12) 

where Fadd denotes the fused feature obtained by adding the channel-aligned high-level 
and shallow features; Ms denotes the two-dimensional spatial-attention map; Fspa denotes 
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the spatially weighted feature; ⊗ denotes element-wise multiplication; D denotes the 
channel descriptor obtained by global average pooling; and Fout denotes the output feature 
of DualA. 

 

Figure 6. Architecture of the dual-attention module (DualA). 

3.1.3. Experimental Settings for the Semantic Segmentation Model 

In this study, MobileNetV2 was adopted as the backbone network of the proposed 
DAEA-Net. The model takes an eight-band input consisting of three visible bands, four 
quarterly NDVI layers, and one DEM band. The eight bands are concatenated at the input 
(early fusion), without separate branches for each data source. Because the eight-band in-
put differs from the conventional three-band ImageNet data, ImageNet pre-trained 
weights were not applicable, and the MobileNetV2 backbone was therefore randomly in-
itialized. For model training, binary cross-entropy (BCE) loss was used as the loss func-
tion, and the Adam optimizer was adopted with an initial learning rate of 1 × 10−4. The 
network was trained for 120 epochs with a batch size of 8. To enlarge the training set to 
five-fold sample volume, the four geometric transformations described in Section 3.1.1 
(vertical flip, horizontal flip, vertical flip combined with a 90° counterclockwise rotation, 
and horizontal flip combined with a 90° counterclockwise rotation) were applied to the 
training set. All experiments were implemented under the TensorFlow-Keras framework 
and executed on a workstation with an NVIDIA RTX 3090 GPU. 

3.2. Flood Inundation Identification over Paddy Rice Fields 

3.2.1. SAR Image Preprocessing 

The GF-3 imagery requiring further processing was handled with the SARscape 
module in ENVI, including multi-looking to suppress speckle noise and homogenize pixel 
spatial resolution, single-channel intensity filtering, and geocoding to correct geometric 
distortion. The GF-3 products that had already undergone systematic radiometric correc-
tion and geocoding were imported directly for subsequent analysis. Sentinel-1 imagery 
was preprocessed using ESA SNAP 8.0. The standard preprocessing chain included pre-
cise orbit correction, thermal and border-noise removal, radiometric calibration, refined 
Lee speckle filtering, and terrain correction based on a 30 m SRTM DEM. 

3.2.2. Construction of the Area-of-Interest (AOI) Mask 

Two error sources significantly affect SAR water-extraction accuracy. First, the side-
looking geometry of radar creates shadows on mountain backslopes and around tall 
buildings; their extremely low backscatter resembles water and can be misclassified as 
inundation. Second, permanent water bodies such as rivers, lakes, and reservoirs also ex-
hibit low backscatter in both flood and non-flood periods and must be separated from the 
newly appeared flood water. We therefore constructed an area of interest (AOI), also re-
ferred to as the potential flood-prone area, which combines three elements with different 
roles. The first is terrain slope derived from the 5 m DEM: pixels with slopes greater than 
25° are removed, because terrain-induced low backscatter such as shadow and layover is 
concentrated there. The second and third are the permanent water bodies and the land 
types that may be inundated, both taken from the land-type survey data provided by the 
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natural-resources authorities of Guangdong Province: these two elements are retained ra-
ther than removed, so that water surfaces and potentially inundated land in steep terrain, 
such as a river between high banks in a narrow valley, are not cut away by the slope con-
straint. The AOI is thus applied to the preliminary binary water map to remove false-
alarm pixels while keeping all water present in the image, both permanent and temporary. 

For the coastal county-level city of Taishan, the sea surface occupies a large share of 
the low-backscatter pixels and its extent varies with the tide and with the scene, so the 
prior percentile used for seed marking would be unstable. Before seed marking, the sea 
surface was therefore clipped to a fixed extent using the coastline contained in the water-
body data, so that the share of low-backscatter pixels contributed by the sea is controlled; 
the same coastline is used when the AOI is constructed. 

Stable (non-flood) water is subsequently separated from newly appearing flood wa-
ter by the change-detection step described in Section 3.2.3. In the accuracy assessment of 
Section 3.3, the AOI was applied to the extracted water only and never to the reference 
data. 

3.2.3. Marker-Controlled Watershed Water Segmentation with Prior-Knowledge Seeding 
and Histogram Analysis 

Vincent and Soille [50] described an efficient algorithm for the watershed transform 
based on immersion simulations. The marker-controlled watershed (MCW) approach 
uses marker seeds to guide the flooding process and reduce the over-segmentation of tra-
ditional watershed algorithms caused by inherent SAR speckle noise [51]. MCW segmen-
tation consists of three steps: identifying water and non-water seeds from image features, 
performing watershed segmentation on the backscatter intensity image, which is used as 
the topographic surface, and classifying unmarked pixels according to seed attributes. 

For water extraction from multi-source SAR imagery, the absolute backscatter coeffi-
cients of the same object differ markedly among sensors because of differences in wave-
length, polarization, incidence angle, and radiometric calibration. Fixed physical thresh-
olds are therefore not transferable across sensors. We proposed the prior-histogram 
marker-controlled watershed (PH-MCW) method, which decomposes seed marking into 
two independent statistical-inference tasks. First, the backscatter percentile Twater is de-
fined from the prior water proportion of the study region, and pixels below it are labeled 
as water seeds. The prior proportion was taken from publicly released land-survey data 
of the corresponding administrative region (inland water bodies only) [52–55] and was 
then refined by visual inspection of the water bodies present in each scene; the initial ref-
erence value and the value finally adopted are, respectively, 3.3% and 3.2% for Yingde, 
2.2% and 2.2% for Lechang (no adjustment), 2.0% and 2.6% for Pingyuan, and approxi-
mately 3.6% and 8.4% for Taishan, where the larger adjustment reflects the residual sea 
surface that remains within the fixed coastal extent used before seed marking (Section 
3.2.2). Second, an equi-width histogram of the valid backscatter values is computed with 
a fixed number of 256 bins, so that the bin width equals (max−min)/256 of the valid pixels 
of each scene, and the histogram is smoothed with a one-dimensional Gaussian filter (σ = 
3 bins); Tnon-water is defined as the center of the bin at which the smoothed histogram reaches 
its global maximum, i.e., the mode, which represents the typical backscatter level of the 
non-water surfaces that occupy most pixels. The two thresholds are therefore derived 
from image statistics and prior geographic information rather than from a fixed physical 
value, which makes the method transferable across sensors, while the prior proportion 
can be refined locally where water bodies are more developed than the regional average. 
The cross-polarized channel was used for both sensors, VH for Sentinel-1 and HV for GF-
3, because the specular return of water is weaker at cross-polarization. 
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In our implementation, no separate gradient image is computed. Because the signa-
ture of water in SAR is an absolute low backscatter return, the backscatter intensity itself 
is used as the topographic surface, so that water bodies correspond to low-elevation basins 
and the absolute scattering level is retained. A bidirectional watershed is then applied—a 
forward pass on the intensity image and a backward pass on its inverse—and pixels over-
lapping between the two passes are assigned by a Euclidean distance transform to the 
nearer seed set. 

Because paddy fields are covered by irrigation water during part of the growing sea-
son and therefore appear as low-backscatter surfaces in SAR imagery, a single-date water 
map within the paddy rice map cannot by itself separate flood water from normal paddy 
water [56]. For each event, the water extent extracted from a pre-event SAR image ac-
quired in the same growing season was therefore subtracted from that extracted from the 
during-event SAR image, and only water newly appearing within the paddy rice map was 
retained as flood-inundated paddy rice. The pre-event image for each event was the Sen-
tinel-1 VH scene acquired closest to, and before, the event with full coverage of the study 
area: 2 June 2022 for Yingde, 13 September 2023 for Taishan, 22 May 2024 for Lechang, 
and 10 June 2024 for Pingyuan. 

3.3. Accuracy Validation 

Paddy rice extraction was evaluated at the pixel level on the test-set samples, with 
paddy rice samples annotated through field surveys and expert visual interpretation serv-
ing as ground truth. Six metrics were computed from the pixel-wise confusion matrix: 
overall accuracy (OA), precision, recall, F1-score, intersection over union (IoU), and the 
Kappa coefficient. Precision, recall, F1-score, and IoU were further reported for each class, 
whereas OA, precision, recall, IoU, F1-score, and the Kappa coefficient were used for the 
overall comparison among models. OA, the Kappa coefficient, and the expected agree-
ment by chance (Pe) are defined in Equations (13)–(15), IoU in Equation (16), and precision, 
recall, and F1-score in Equations (17)–(19). OA = ୘୔ା୘୒୘୔ା୘୒ା୊୔ା୊୒, (13) 

Kappa = ୓୅ି௉౛ଵି௉౛ , (14) 

𝑃 = (TP + FP)(TP + FN) + (TN + FP)(TN + FN)(TP + FP + TN + FN)ଶ , (15) 

IoU = ୘୔୘୔ା୊୔ା୊୒, (16) 

Precision = ୘୔୘୔ା୊୔, (17) 

Recall = ୘୔୘୔ା୊୒, (18) 

F1− score = 2 × ୔୰ୣୡ୧ୱ୧୭୬×ୖୣୡୟ୪୪୔୰ୣୡ୧ୱ୧୭୬ାୖୣୡୟ୪୪, (19) 

where TP, TN, FP, and FN denote the numbers of pixels correctly identified as paddy rice, 
correctly identified as non-paddy rice, non-paddy rice pixels misidentified as paddy rice, 
and missed paddy rice pixels, respectively; Pe is the expected agreement by chance, com-
puted from the confusion-matrix counts as Pe = ((TP + FP)(TP + FN) + (TN + FP)(TN + 
FN))/(TP + FP + TN + FN)2. 

Flood inundation identification was validated against two reference datasets: the 
NDRCC dataset and the water class of the public AIR-PolSAR-Seg-2.0 dataset. Flood-wa-
ter bodies extracted by PH-MCW segmentation from multi-source SAR imagery were 
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compared with these reference data. Five metrics were computed from the pixel-wise con-
fusion matrix: OA, precision, recall, F1-score, and the Kappa coefficient. OA and the 
Kappa coefficient are calculated with Equations (13) and (14), and precision, recall, and 
F1-score with Equations (17)–(19), where the entries of the confusion matrix are counted 
in water pixels rather than paddy rice pixels. The reference water map and the SAR image 
used for extraction both refer to the GF-3 scene acquired on 23 June 2022, the acquisition 
closest to the flood peak, so that the accuracy assessment and the mapped inundation 
extent are temporally consistent with the reference data. Precision, recall, and F1-score 
reflect the reliability, completeness, and overall performance of flood-water identification, 
respectively. The comparison was performed over the intersection of the valid SAR data 
and the valid reference data, which is the same for all three methods and for both the 
unfiltered and filtered cases. The candidate flood-prone area was applied only to the ex-
tracted water, so that pixels outside it were treated as non-water, whereas the reference 
data were not clipped and retained all water classes, including rivers and reservoirs. In 
this accuracy assessment, the filtering was provided by the AOI (potential flood-prone 
area) and was applied to the extracted water only; the paddy rice mask was not involved, 
because the assessment is made at the level of water bodies. The paddy rice mask enters 
the framework only in the subsequent step of delineating the inundated area within 
paddy fields. To assess the effect of the AOI mask, F1-scores before and after AOI filtering 
were compared. In addition to the area-based metrics, the boundary accuracy of the ex-
tracted water was evaluated with the Boundary IoU (BIoU) proposed by Cheng et al. [57]. 
Let G and P denote the reference and predicted binary masks, respectively, and let Gd and 
Pd denote their boundary regions obtained by dilating the mask contours by d pixels, so 
that Gd ∩ G and Pd ∩ P are the boundary bands inside the two masks. The boundary bands 
are defined strictly inside the masks by the distance to the nearest non-water pixel, so the 
raster edges are not involved in the boundary-band construction and cannot be counted 
as boundaries. The Boundary IoU is then computed as the IoU of the two boundary bands: BIoU𝑑 = |(𝐺𝑑 ∩ 𝐺) ∩ (𝑃𝑑 ∩ 𝑃)||(𝐺𝑑 ∩ 𝐺) ∪ (𝑃𝑑 ∩ 𝑃)| (20) 

Because the boundary band occupies only a thin ring around the water–land bound-
ary, Boundary IoU is much more sensitive than area-based IoU to boundary errors and is 
therefore reported together with the area-based metrics. Two boundary-band widths, d = 
2 and d = 5 pixels, were used. 

4. Results 
4.1. Performance of the Semantic Segmentation Model 

DAEA-Net was quantitatively evaluated on the test set, which was randomly split from 
the 1425 tiles and is shared by all compared models. The evaluation was performed at the pixel 
level, and the paddy rice class and the background class were assessed separately. The result-
ing class-wise precision, recall, F1-score, and IoU are summarized in Table 3. 

Table 3. Class-wise performance metrics of DAEA-Net on the test set. 

Metric Rice Background 
Precision 0.9297 0.9069 

Recall 0.9366 0.8973 
F1-score 

IoU 
0.9331 0.9021 
0.8747 0.8216 

Note: Metrics were computed from a single global confusion matrix obtained by summing the per-
tile confusion matrices over all 142 (256 × 256) test tiles; precision, recall, F1-score, and IoU are re-
ported class-wise for the rice and background classes. 
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The rice-class precision, recall, F1-score, and IoU were 0.9297, 0.9366, 0.9331, and 
0.8747, respectively. The corresponding metrics for the background class were 0.9069, 
0.8973, 0.9021, and 0.8216. The rice-class recall of 0.9366 indicates that 93.7% of the refer-
ence paddy rice pixels were correctly identified, while the precision of 0.9297 indicates 
that some background pixels were incorrectly classified as paddy rice. Background recall 
was lower than background precision, indicating that some background pixels were mis-
classified as paddy rice, mainly along the edges of small field ridges and field roads. 

To verify the effectiveness of DAEA-Net, it was compared with U-Net [58], HRNet 
[59], and DeepLabV3+ on the same test set. Visual comparisons for representative sample 
tiles are shown in Figure 7, and quantitative results are given in Table 4. DAEA-Net 
achieved the highest OA, IoU, F1-score, and Kappa coefficient, with values of 0.9205, 
0.8747, 0.9331, and 0.8352, respectively. Relative to U-Net, HRNet, and DeepLabV3+, its 
OA increased by 0.0273, 0.0148, and 0.0027, respectively, and its IoU increased by 0.0383, 
0.0209, and 0.0052. Its recall was 0.9366, higher than 0.9226 for U-Net, 0.9297 for HRNet, 
and 0.9247 for DeepLabV3+. Its precision was 0.9297, slightly lower than the 0.9357 
achieved by DeepLabV3+. In general, DAEA-Net improved classification consistency, 
spatial overlap, and recall, and yielded the highest Kappa coefficient. 

 

Figure 7. Comparison of paddy rice extraction results and pixel-wise classification outcomes for 
different model configurations on representative sample tiles. 

Table 4. Comparison of semantic segmentation performance metrics among different models on the 
test set. 

Model OA Precision Recall IoU F1-score Kappa 
U-Net 0.8932 0.8996 0.9226 0.8364 0.9109 0.7776 
HRNet 0.9057 0.9127 0.9297 0.8538 0.9211 0.8040 

DeepLabV3+ 0.9178 0.9357 0.9247 0.8695 0.9302 0.8303 
DAEA-Net 0.9205 0.9297 0.9366 0.8747 0.9331 0.8352 

Note: All metrics were computed from a single global confusion matrix obtained by summing the 
per-tile confusion matrices over all 142 (256 × 256) test tiles. Precision, recall, F1-score, and IoU refer 
to the rice (foreground) class, whereas OA and the Kappa coefficient are overall metrics over both 
classes. 

Ablation experiments were designed to examine the independent contributions and 
synergies of the proposed modules (Table 5). Adding only the AMSA reduced OA from 
0.9178 to 0.9093 and IoU from 0.8695 to 0.8590, although recall increased from 0.9247 to 
0.9344. This indicates that multi-scale feature aggregation alone improves rice-area cover-
age but may introduce more false alarms. 
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Table 5. Ablation results of different DAEA-Net module combinations on the test set. 

AMSA EAAB DualA OA Precision Recall IoU F1-score Kappa b c 
p-

Value 
× × × 0.9178 0.9357 0.9247 0.8695 0.9302 0.8303 – – – 
✓ × × 0.9093 0.9141 0.9344 0.8590 0.9242 0.8111 355,252 434,911 <10−6 
× ✓ × 0.9191 0.9221 0.9430 0.8734 0.9324 0.8317 386,065 373,710 <10−6 
× × ✓ 0.9185 0.9445 0.9161 0.8694 0.9301 0.8324 358,992 352,304 <10−6 
✓ ✓ × 0.9194 0.9210 0.9449 0.8741 0.9328 0.8322 393,015 377,893 <10−6 
✓ × ✓ 0.9152 0.9293 0.9273 0.8662 0.9283 0.8245 351,489 375,686 <10−6 
× ✓ ✓ 0.9193 0.9399 0.9225 0.8712 0.9311 0.8335 359,729 345,950 <10−6 
✓ ✓ ✓ 0.9205 0.9297 0.9366 0.8747 0.9331 0.8352 380,839 355,090 <10−6 

Note: All metrics were computed from a single global confusion matrix obtained by summing the 
per-tile confusion matrices over all 142 (256 × 256) test tiles. Precision, recall, F1-score, and IoU refer 
to the rice (foreground) class, whereas OA and the Kappa coefficient are overall metrics over both 
classes. The ××× row is the DeepLabV3+ baseline without the proposed modules; ✓ and × denote 
whether each module is enabled. In the McNemar columns, b and c are discordant-pair counts 
against the DeepLabV3+ baseline (b: misclassified by the baseline and correctly classified by the 
configuration; c: correctly classified by the baseline and misclassified by the configuration), and the 
p-value is obtained from the McNemar χ2 test with continuity correction. 

Adding only EAAB yielded an OA of 0.9191 and an IoU of 0.8734, the largest im-
provement among single-module configurations, demonstrating the importance of the 
edge-aware attention block (EAAB) for field-boundary modeling. Adding only DualA 
yielded an OA of 0.9185, an IoU of 0.8694, and a precision of 0.9445, the highest among 
single-module configurations, indicating improved semantic discrimination between 
paddy rice and background. 

Among two-module combinations, AMSA + EAAB achieved the highest IoU and F1-
score, 0.8741 and 0.9328, respectively, whereas EAAB + DualA achieved the highest pre-
cision of 0.9399. The complete DAEA-Net achieved the highest OA, IoU, F1-score, and 
Kappa coefficient at 0.9205, 0.8747, 0.9331, and 0.8352, respectively. These results indicate 
that the three modules contribute incrementally to the overall performance: the complete 
model achieved the highest OA, IoU, F1-score and Kappa, whereas individual modules 
showed distinct advantages in recall and precision. Because the differences among the 
configurations are small (0.001–0.003), we interpret these results as evidence of modest, 
consistent contributions rather than of large independent gains. 

McNemar’s test was conducted on the pooled predictions over the 142 test tiles to 
verify the statistical significance of the performance differences between each module con-
figuration and the DeepLabV3+ baseline. Here, b is the number of pixels that the baseline 
misclassified but the configuration classified correctly, and c is the number of pixels that 
the baseline classified correctly but the configuration misclassified; b − c > 0 therefore in-
dicates a net improvement over the baseline. The p-value was obtained from the McNemar 
χ2 statistic with continuity correction, χ2 = (|b − c| − 1)2/(b + c), with one degree of freedom. 
The resulting discordant-pair counts and p-values are reported in Table 5, and all compar-
isons yielded p < 10−6, indicating that the differences are statistically significant rather than 
arising from random variation. Configurations incorporating EAAB showed b values well 
above their c values (EAAB alone: b = 386,065, c = 373,710; AMSA + EAAB: b = 393,015, c = 
377,893), and therefore corrected far more of the pixels misclassified by the baseline than 
they broke, whereas the AMSA-only and AMSA + DualA configurations were signifi-
cantly worse than the baseline (b < c), consistent with their lower OA and IoU in the abla-
tion table. 
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To investigate the contribution of the multi-source features, we conducted an abla-
tion study on the input channels. Two input schemes were compared: RGB-only and the 
eight-band combination of RGB, NDVI, and DEM. All network configurations and train-
ing hyperparameters were kept identical, and only the input channels were modified. The 
quantitative results are listed in Table 6 and the visual comparison is illustrated in Figure 
8. Visually, the RGB-only model produces more false-positive and false-negative pixels, 
especially for fragmented farmland parcels. Relative to the RGB-only scheme, the eight-
band input achieved modest but consistent improvements in OA (from 0.9167 to 0.9205) 
and IoU (from 0.8705 to 0.8747), mainly through higher precision (from 0.9158 to 0.9297) 
and a reduction in false-positive pixels in fragmented parcels, at the cost of a small loss in 
recall (from 0.9463 to 0.9366) (Table 6). 

Table 6. Ablation results of different inputs of DAEA-Net on the test set. 

Input Scheme OA Precision Recall IoU F1-Score Kappa 
RGB-only 0.9167 0.9158 0.9463 0.8705 0.9308 0.8262 

DAEA-Net 0.9205 0.9297 0.9366 0.8747 0.9331 0.8352 
Note: All metrics were computed from a single global confusion matrix obtained by summing the 
per-tile confusion matrices over all 142 (256 × 256) test tiles. Precision, recall, F1-score, and IoU refer 
to the rice (foreground) class, whereas OA and the Kappa coefficient are overall metrics over both 
classes. 

 

Figure 8. Comparison of paddy rice extraction results and pixel-wise classification outcomes for the 
RGB-only and eight-band input schemes on representative sample tiles. 
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4.2. Spatial Pattern of Paddy Rice Areas 

The overall paddy rice extraction results are shown in Figure 9. Spatially, the rice-
growing patterns closely matched the geomorphic characteristics of the study areas. 
Paddy rice fields in Taishan were concentrated and contiguous on the coastal plain, inter-
spersed with coastal aquaculture ponds, whereas paddy rice in Yingde formed belts along 
the alluvial plains of the Beijiang River and its tributaries, with high planting density in-
side the basin. In contrast, paddy rice in Pingyuan and Lechang was strongly constrained 
by mountainous terrain and showed a fragmented pattern, occurring mainly on valley 
and hillside terraces. 

Controlled jointly by terrain and river-system distribution, paddy rice in the study 
areas generally preferred gentle slopes. The proportions of paddy rice located on slopes 
of less than 5° were 95.10%, 97.61%, 82.26%, and 82.01% in Yingde, Taishan, Lechang, and 
Pingyuan, respectively, and the area-weighted mean slopes were 1.51°, 0.89°, 2.98°, and 
3.17°. Although Lechang and Pingyuan have greater topographic relief, paddy rice there 
was still mainly distributed on gentle slopes and in relatively flat areas such as river val-
leys and intermontane basins. In terms of elevation, paddy rice in Yingde and Taishan 
was concentrated below 100 m, whereas paddy rice in Lechang and Pingyuan was mainly 
distributed between 100 and 300 m. These patterns indicate a preference for flat areas with 
irrigation potential, whereas the elevation range suited to rice rises as terrain relief in-
creases. The extracted rice areas consistently followed river systems. 

 

Figure 9. Spatial distribution and enlarged local details of the extracted rice-growing areas in the 
four study regions. (A) Taishan; (B) Pingyuan; (C) Yingde; (D) Lechang. The four maps in the upper 
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part show the extracted paddy rice (pale yellow) in each study region; black lines indicate the county 
boundaries, and grey indicates land surfaces that were not classified as paddy rice. The red squares 
and the corresponding letters mark the areas enlarged in the panels below, where the extracted 
paddy rice is overlaid on the very-high-resolution optical imagery. 

4.3. Accuracy Assessment and Comparison of Flood-Water Extraction 

The NDRCC dataset was used as reference validation data for flood-water extraction 
during the June 2022 Yingde event, and the water class of the AIR-PolSAR-Seg-2.0 dataset 
was used to assess the accuracy of the water-extraction algorithm itself on a general water 
benchmark acquired in November 2016. The NDRCC reference is a human interpretation of 
the same GF-3 scene of 23 June 2022; as a pixel-level reference for that acquisition, it is de-
rived from the same scene, and it is used only for validation and never as an input to the 
extraction algorithm, which operates solely on the SAR backscatter. The reference and the 
extraction are therefore independent processes applied to the same image. Two reference 
methods were selected for comparison: the optimal single-threshold method and a modified 
Otsu method (M-Otsu) adapted from the equal-sampling strategy proposed by Cordeiro et 
al. [60] for optical water indices. In the present study, equal numbers of low- and high-
backscatter pixels were sampled from the SAR image before applying Otsu thresholding, 
thereby reducing the influence of class imbalance when flood-water pixels were rare. Simi-
lar bimodal-histogram sampling strategies have been used for Sentinel-1 SAR water map-
ping [61]. The optimal single threshold was obtained by scanning candidate thresholds and 
retaining the value that gave the best accuracy on the reference data; because the single-
threshold method has only this one free parameter, its optimal value represents the maxi-
mum performance attainable by that method and therefore serves as the most favorable 
baseline for comparison. We note that PH-MCW also uses the prior water proportion, which 
is refined by visual inspection of each scene (Section 3.2.3), so neither the single-threshold 
baseline nor PH-MCW is fully unsupervised; the comparison is between two methods that 
each use a reference-informed parameter. Five accuracy metrics—OA, precision, recall, F1-
score, and the Kappa coefficient—were used to compare the three methods before and after 
AOI filtering, and the results are summarized in Table 7. 

On the NDRCC dataset, PH-MCW after AOI filtering achieved an F1-score of 0.8211, 
which was 0.0168 and 0.0848 higher than the optimal single-threshold method and M-
Otsu, respectively. AOI filtering increased the precision of PH-MCW from 0.6815 to 0.8631 
but reduced its recall from 0.8723 to 0.7830, because the mask removes water pixels that 
are present in the reference data as well as false alarms. The increase in precision reflects 
the removal of terrain-induced false alarms, that is, low-backscatter pixels on slopes 
steeper than 25° that belong neither to the permanent water bodies nor to the land types 
that may be inundated; permanent water bodies and potentially inundated land are re-
tained by the AOI and are therefore not removed. The decrease in recall reflects the re-
moval of correctly detected flood water that lies on slopes steeper than 25° and in land 
types not covered by the water-body or flood-prone classes. The F1-score nevertheless 
increased from 0.7652 to 0.8211, indicating that the reduction in false alarms outweighed 
the loss of correctly detected water. 

On the AIR-PolSAR-Seg-2.0 dataset, PH-MCW achieved an F1-score of 0.7640, which 
was 0.0240 and 0.0349 higher than the optimal single-threshold method and M-Otsu, re-
spectively. AOI filtering produced clear accuracy gains for all three methods. For the op-
timal single-threshold method, the F1-score increased from 0.4283 to 0.7400, an absolute 
increase of 0.3117. For PH-MCW, precision increased from 0.3981 to 0.7712 while recall 
changed only slightly, from 0.7582 to 0.7569. This result shows that the AOI removes ter-
rain-induced low-backscatter false alarms in complex backgrounds while keeping water 
surfaces, and thereby improves the reliability of the extracted water. Because the AOI 
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contains the permanent-water layer of the land-type survey data, that is, water infor-
mation of the same kind as the class evaluated on this benchmark, the filtered accuracy 
on this stable-water benchmark partly reflects information shared with the water labels; 
the filtered F1-scores should therefore be interpreted as an upper bound on the benefit of 
AOI filtering, and they mainly reflect the removal of terrain-induced false alarms rather 
than an ability to separate permanent from temporary water. The NDRCC reference, 
which is not used to construct the AOI, provides the unbiased assessment. 

Table 7. Accuracy of the three water-extraction methods before and after AOI filtering on the two 
validation datasets. 

Dataset Method 
Unfiltered Filtered 

OA Pre Re F1 Kappa BIoU2 BIoU5 OA Pre Re F1 Kappa BIoU2 BIoU5 

NDRCC 

Opti-
mal sin-

gle 
thresh-

old 

0.9725 0.6360 0.8506 0.7278 0.7137 0.2234 0.3888 0.9838 0.8420 0.7699 0.8043 0.7959 0.2678 0.4562 

M-Otsu 0.8431 0.2099 0.9516 0.3440 0.2940 0.0690 0.1326 0.9742 0.6600 0.8325 0.7363 0.7229 0.2394 0.4028 
PH-

MCW 
0.9769 0.6815 0.8723 0.7652 0.7532 0.2649 0.4467 0.9853 0.8631 0.7830 0.8211 0.8134 0.2909 0.4919 

AIR-Pol-
SAR-Seg-

2.0  

Opti-
mal sin-

gle 
thresh-

old 

0.7780 0.2971 0.7676 0.4283 0.3225 0.0697 0.1612 0.9417 0.7156 0.7661 0.7400 0.7072 0.2028 0.3823 

M-Otsu 0.8535 0.3978 0.6857 0.5035 0.4246 0.0924 0.2055 0.9449 0.7798 0.6847 0.7291 0.6986 0.2012 0.3812 
PH-

MCW 
0.8496 0.3981 0.7582 0.5221 0.4430 0.0914 0.2088 0.9493 0.7712 0.7569 0.7640 0.7356 0.2187 0.4062 

Note: OA, overall accuracy; Pre, precision; Re, recall; F1, F1-score; BIoU2 and BIoU5, Boundary IoU 
with a boundary-band width of 2 and 5 pixels, respectively. 

Pixel-wise classification results for the three water-extraction methods are compared 
in Figure 10. Compared with the two reference methods, PH-MCW produced more com-
plete water boundaries and fewer false-alarm pixels. The optimal single-threshold 
method approached PH-MCW in OA but systematically missed pixels along water–land 
transition zones. M-Otsu partly mitigated the histogram shift caused by class imbalance 
but still showed substantial omissions in low-contrast areas. The overall flood-water map-
ping results of the three methods are shown in Figure 11. 

In both validation datasets, correctly identified water pixels were concentrated in 
connected water bodies such as rivers and reservoirs. The remaining false alarms and 
omissions were mainly distributed along water–land boundaries and small tributaries. 
These areas are more susceptible to SAR speckle noise and mixed-pixel effects, and 
boundary-labeling errors in the validation data may also cause local spatial differences. 
Overall, PH-MCW achieved the highest F1-score on both reference datasets and showed 
stable performance in boundary completeness and false-alarm control. 



Remote Sens. 2026, 18, 3622 23 of 36 
 

https://doi.org/10.3390/rs18203622 

 

Figure 10. Comparison of water-extraction results and pixel-wise confusion categories for three meth-
ods in representative areas of the validation datasets. Both validation datasets are based on GF-3 im-
agery. 
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Figure 11. Comparison of water-body extraction results. The first column shows SAR imagery ac-
quired over Yingde (GF-3, 23 June 2022), Lechang (Sentinel-1, 15 June 2024), Taishan (Sentinel-1, 25 
September 2023), and Pingyuan (Sentinel-1, 17 June 2024). The second to fourth columns show the 
unfiltered results obtained using M-Otsu, single threshold, and PH-MCW, respectively. The fifth 
column shows the PH-MCW result after AOI filtering. Cyan pixels represent extracted water masks. 

4.4. Spatiotemporal Pattern of Paddy Rice Inundation Under Intense Rainfall 

The spatiotemporal pattern of paddy rice inundation was analyzed based on four 
representative intense-rainfall events between 2022 and 2024, including Yingde in June 
2022, Taishan in September 2023, and Lechang and Pingyuan in June 2024. The four study 
areas differed in topographic relief, rainfall intensity, and rice-planting pattern. The inun-
dation distribution was jointly controlled by terrain and river systems, as shown in Figure 
12. Among these events, the inundated paddy rice area was the largest in Yingde, reaching 
13.45 km2; Taishan ranked second with 12.74 km2; and Lechang and Pingyuan reached 
3.87 km2 and 2.93 km2, respectively. In all four events, the inundated paddy rice area was 
calculated as the increase in water extent from the pre-flood to the during-flood image 
within the paddy rice map, so that irrigation water already present before each event was 
excluded. 

Spatially, paddy rice inundation was strongly coupled with terrain conditions and 
rainfall centers. In Yingde, inundated paddy rice was concentrated in the flat central river 
basin and occurred in contiguous areas along both banks of the Beijiang main stem and 
its tributaries, with a smaller amount in upstream valleys to the northwest. In Pingyuan, 
inundated paddy rice was more scattered across intermontane valleys and river plains. In 
Taishan, inundated paddy rice was concentrated in fields adjacent to coastal aquaculture 
ponds. In Lechang, inundated paddy rice was concentrated in the flat southeastern river-
valley plain. Across all four areas, inundated paddy rice tended to accumulate in low-
lying terrain and extend along the river network. 
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Figure 12. Spatial distribution of paddy rice inundation under intense rainfall conditions in Taishan, 
Pingyuan, Yingde, and Lechang. 

The June 2022 intense-rainfall event in Yingde was further analyzed to characterize 
a single inundation process. Persistent heavy rainfall in mid-to-late June caused the Bei-
jiang water level to rise rapidly. Figure 13 compares pre-flood, during-flood, and post-
flood SAR imagery with the extracted paddy rice inundation extent. Water expanded 
markedly during the event, increasing from 165.34 km2 before the flood to 199.20 km2 dur-
ing the flood, a net increase of 33.86 km2 (approximately 20.5%); the inundated paddy rice 
area reached 13.45 km2. This value was derived from the GF-3 scene of 23 June 2022, the 
acquisition closest to the flood peak, as the increment between the during-flood and pre-
flood-water extents within the paddy rice map, so that the irrigation water already present 
in the paddy fields before the event is excluded; it is the mapped extent at the acquisition 
closest to the peak, not the maximum inundation extent. The inundation pattern closely 
matched the spatial distribution of rainfall. According to township-level statistics aggre-
gated from the CHM_PRE V2 gridded precipitation dataset, the maximum 3-day cumu-
lative rainfall across Yingde’s 24 townships from 1 to 30 June 2022 ranged from 137.4 to 
443.8 mm, with a mean of 322.1 mm across Yingde; the most intense rainfall occurred on 
June 19–21. Rainfall decreased markedly from north to south, and high values were con-
centrated in a belt along the middle Beijiang River. Five of Yingde’s 24 township-level 
administrative units recorded maximum 3-day cumulative rainfall exceeding 430 mm, 
with Wangbu Township recording the highest value of 443.8 mm. The inundated paddy 
rice distribution closely matched the rainfall pattern, and the middle Beijiang valley plain 
was also Yingde’s main rice-growing area, but its capacity to convey upstream flood peaks 
is limited. Most inundated paddy rice occurred on this riverside plain; Wangbu and 
Dazhan townships together accounted for approximately 6.6 km2, about half of Yingde’s 
inundated paddy rice area. Wangbu, upstream of the urban area and adjacent to the Bei-
jiang main stem, was the most severely affected, followed by Dazhan along the 
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downstream riverbank. In contrast, Lizhen and Dadong in the south were dominated by 
low mountains and hills, with higher terrain and less rainfall, and experienced almost no 
paddy rice inundation. These results indicate that flood peaks generated by intense rain-
fall converging along the middle Beijiang River, combined with the low-lying valley-plain 
terrain, were the dominant drivers of extensive paddy rice inundation in north-central 
Yingde. 

 

Figure 13. Example of paddy rice inundation mapping in Yingde, Guangdong Province, in June 
2022, based on VHR optical imagery and multi-temporal SAR imagery, with the during-flood extent 
derived from the GF-3 scene of 23 June 2022. 

5. Discussion 
5.1. Effects of the Potential Flood-Prone Area and the Paddy Rice Mask on Inundated Paddy Rice 
Extraction 

Based on the accuracy assessment and comparison of the water-extraction results, 
AOI filtering substantially reduced terrain-induced false alarms in flood-water identifica-
tion, while permanent water bodies and potentially inundated land were retained. In 
mountainous and hilly scenes, most false alarms in flood-water extraction arose from 
mountain shadows and radar layover [62]. Of the candidate water pixels removed by the 
combined AOI mask, pixels with slopes greater than 25° accounted for 77.2–88.4%. In 
river-valley scenes with steep banks, the prior permanent water bodies prevented the ter-
rain mask from over-removing the river water surfaces. In the coastal county-level city of 
Taishan, the sea surface also exhibits low backscatter and interferes with the percentile-
based marking of water seeds in PH-MCW; the coastline contained in the water-body data 
was therefore used to clip the sea surface to a fixed extent before seed marking, so that the 
share of low-backscatter pixels contributed by the sea is controlled. 

The paddy rice mask used in this study was derived from the 2023 imagery basemap, 
so it is one year apart from some of the flood events: it is contemporaneous with the Sep-
tember 2023 Taishan event and one year apart from the June 2022 Yingde event and the 
June 2024 Lechang and Pingyuan events. Over these intervals, the rice area changed by 
+0.52% in Yingde (2022–2023) [63,64] and by +0.49% in Lechang and +0.19% in Pingyuan 
(2023–2024) [65–73], while the provincial rice sown area varied by at most 0.45% in a single 
year [74], so the mask remained representative. Because the rice mask is used only as a 
spatial constraint that suppresses false alarms from non-target low-backscattering fea-
tures—it neither generates water pixels nor enlarges the mapped inundation extent—its 
effect is conservative rather than inflationary. Nevertheless, aggregate statistics cannot 
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distinguish field-scale conversions between paddy rice and other uses, so residual uncer-
tainty remains for fields whose use changed around an event; applying the same model 
to imagery of the event year could quantify this effect directly in future work. Overall, the 
timeliness and spatial accuracy of the prior layers directly affect the mapped inundation 
extent. 

Previous work has also identified flood-affected rice by combining a crop map with 
SAR-derived flood maps. Singha et al. [29] integrated monthly 10 m Sentinel-1 flood maps 
with a 2017 Sentinel-1 paddy rice map to quantify flood-affected rice areas across Bangla-
desh during 2014–2018. This approach was designed to characterize long-term flood dy-
namics and affected rice areas at the national scale. The present study addresses a different 
spatial and operational setting: a 0.5 m paddy rice map is used to preserve field bounda-
ries in fragmented landscapes, while event-specific flood water is extracted from multi-
source SAR imagery and filtered using terrain and permanent-water constraints. Conse-
quently, the two approaches are complementary: the former supports repeated national-
scale assessment, whereas the present framework emphasizes field-level inundation de-
lineation and false-alarm suppression in complex terrain. Because the study areas, event 
periods, input data, and validation datasets differ, a direct numerical comparison of accu-
racy is not appropriate. 

5.2. Comparison with Other Rice Products 

To further evaluate the extracted paddy rice map in scenes with complex land cover, 
its spatial pattern was compared with two widely used public products, EARice10 and 
CCD-Rice 2023, focusing on spatial consistency and boundary representation (Figure 14). 
In the main rice-distribution areas, the three products showed stable spatial correspond-
ence, with the mapped fields aligned along the same alluvial plains, coastal lowlands, and 
intermontane valleys, which indicates that the dominant rice-growing regions are ro-
bustly captured by all three products. 

The differences among the products were concentrated mainly at field boundaries 
and in scenes where paddy fields are spatially adjacent to other low-vegetation or water-
covered surfaces, and they arise from two sources. First, the products reflect different rice 
phenology and acquisition timing, so fields at different growth stages are represented dif-
ferently. Second, perennial water bodies, aquaculture ponds, and marginal vegetation are 
closely adjacent to paddy fields in the study areas; in coastal plains, pond surfaces, pond 
ridges, and paddy-field boundaries are interleaved, and the 10 m resolution products are 
susceptible to mixed pixels and boundary generalization. By contrast, the 0.5 m imagery 
used in this study preserves detailed structures such as field shapes, ridges, and ditches, 
reducing the possibility that adjacent water is misclassified as paddy rice. EARice10 and 
CCD-Rice 2023 are therefore more suitable for regional annual mapping, whereas the re-
sults of this study have advantages in fine field-boundary representation and in the sub-
sequent construction of the paddy rice map, where precise boundaries reduce false alarms 
from neighboring water surfaces. Representative comparisons across different terrain and 
land-use scenes are shown in Figure 14. 
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Figure 14. Comparison of rice-mapping results from this study and public rice products across rep-
resentative terrain and land-use scenes. Each row corresponds to a representative scene of a differ-
ent terrain or land-use type, as labelled on the left. (a,e,i,m,q) VHR optical imagery, with a small 
inset map showing the location of each scene; (b,f,j,n,r) EARice10 product; (c,g,k,o,s) CCD-Rice 
product; (d,h,l,p,t) paddy rice map extracted in this study. Pale green denotes paddy rice. 

5.3. Cross-Sensor Applicability and Prior-Parameter Sensitivity of PH-MCW 

To verify the applicability of PH-MCW to imagery from different sensors, we used 
the three scenes from different sensors in the Guangdong Meizhou flood-disaster remote-
sensing image dataset, namely GF-3, Sentinel-1 and Fucheng-1, and evaluated the extrac-
tion accuracy against reference water annotations digitized by the authors through visual 
interpretation from each image and cross-checked by two other authors. The three Mei-
zhou scenes were acquired on 17 June 2024 (GF-3), 19 June 2024 (Fucheng-1), and 17 June 
2024 (Sentinel-1). In addition, a sensitivity experiment was conducted over the prior pa-
rameter of PH-MCW to examine how the choice of the prior percentile affects the extrac-
tion accuracy. The accuracy metrics at different prior percentiles are reported in Table 8. 
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Table 8. Accuracy of PH-MCW at different prior percentiles for the three sensors in the cross-sensor 
validation domain. 

Prior Per-
centile (%) 

GF-3 Sentinel-1 Fucheng-1 
Precision Recall F1-Score Precision Recall F1-Score Precision Recall F1-Score 

0.1 0.957 0.701 0.809 0.892 0.580 0.703 0.903 0.402 0.556 
0.3 0.899 0.815 0.855 0.811 0.852 0.831 0.817 0.672 0.737 
0.5 0.869 0.855 0.862 0.747 0.912 0.821 0.731 0.777 0.753 
1.0 0.808 0.899 0.851 0.640 0.970 0.772 0.574 0.870 0.692 
2.0 0.728 0.932 0.817 0.524 0.992 0.686 0.467 0.922 0.620 
5.0 0.584 0.966 0.728 0.398 0.999 0.569 0.350 0.961 0.513 
15.0 0.351 0.991 0.518 0.267 1.000 0.421 0.270 0.989 0.424 

Note: Bold indicates the maximum F1-score of each sensor in this table, i.e., the value obtained at 
the optimal prior percentile. 

The sensitivity curves show a single-peaked shape: the F1-score first increases and 
then decreases as the prior percentile grows, and the peak is located in a narrow low-
percentile interval for all three sensors (0.3–0.6%, with the peak F1-scores of 0.862, 0.831 
and 0.753 for GF-3, Sentinel-1 and Fucheng-1, respectively). Because the optimum percen-
tile is identified on the same reference annotations used for evaluation, these peak F1-
scores are optimistic; they serve to compare the three sensors and to locate the optimum 
interval rather than as absolute accuracy estimates. The three sensors have nearly the same 
peak position and reach a reasonable accuracy at the peak, which indicates that seed mark-
ing based on water percentiles and histogram morphology has good adaptability to the 
radiometric differences among sensors. In addition, near the peak, the accuracy decreases 
only slightly when the prior percentile changes, whereas it decreases markedly once the 
percentile departs sufficiently from the optimum: when the prior percentile moves from 
1% to 5%, the F1-score drops by 0.123, 0.203 and 0.179 for the three sensors, respectively. 
This indicates that the influence of the prior parameter on the extraction accuracy is mod-
erate within the peak interval and grows strongly outside it. The corresponding water-
extraction results of the three sensors are compared in local enlarged views in Figure 15. 

In multi-source remote-sensing analysis, defining the threshold by percentiles rather 
than by fixed values adapts to the radiometric differences among sensors; in particular, 
some GF-3 L1A products are distributed without calibration parameters, and their DN-
value images can be used directly by PH-MCW. 
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Figure 15. Comparison of water extraction results among the three SAR sensors in the cross-sensor 
validation domain. (a,d,g,j) GF-3; (b,e,h,k) Fucheng-1; (c,f,i,l) Sentinel-1. 

In summary, PH-MCW achieves reasonable pixel-level accuracy on all three sensors 
within a consistent single-peaked optimum interval, and its accuracy degrades only 
slightly near the optimum. The prior percentile should therefore be regarded as a trans-
ferable initial constraint rather than a fixed universal constant. Because the peak percentile 
differed slightly among the three sensors, and because the radiometric characteristics of 
the sensors differ, the specific prior percentile for a new sensor or a new region cannot be 
determined a priori; it should be taken from the land-survey water proportion of the tar-
get region or, where such data are not available, located with a local sensitivity test—0.3–
0.6% for the cross-sensor domain examined here—and confirmed locally before large-
scale application. The prior percentile in Table 8 and the prior water proportion used in 
the main experiments (Section 3.2.3) are the same quantity—the fraction of low-backscat-
ter pixels identifiable as water within the image extent—but they refer to different extents: 
the main experiments use the land-survey water proportion of each administrative region, 
whereas Table 8 sweeps the prior on the smaller region where the three sensor images 
overlap, where the water proportion is inherently lower, so its optimum is specific to that 
validation domain. 

5.4. General Applicability, Practical Implications, and Limitations 

The proposed two-stage framework is general in its construction rather than being 
tied to the specific study areas. The DAEA-Net segmentation model and the PH-MCW 
water-extraction method both rely on generic mechanisms—multi-scale attention and 
edge-aware features for rice mapping, and prior-percentile and histogram-morphology 
seed marking for water extraction—so the framework can, in principle, be transferred to 
other rice-growing regions and to other sensors, provided that field samples and the prior 
water proportion are re-established locally. The cross-sensor experiment in Section 5.3 has 
already shown that PH-MCW maintains reasonable accuracy across GF-3, Sentinel-1 and 
Fucheng-1. 

Beyond its general applicability, the framework has practical value in that it provides 
a spatially explicit, field-scale delineation of flood-inundated paddy fields. The present 
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method locates the specific fields that were inundated at the acquisition closest to the flood 
peak, together with their terrain and river-system context. This field-scale spatial pattern 
supports targeted post-disaster operations—such as the deployment of drainage and res-
cue resources, the verification of agricultural insurance claims, and the planning of re-
planting and recovery—which require knowing where the affected fields are. Because the 
inundation distribution is tightly coupled with terrain and river systems, the map also 
provides a basis for flood-risk zoning and for siting drainage infrastructure in the study 
region. 

The method nevertheless has limitations that should be kept in mind when interpret-
ing the results. First, the mapped inundation is a single-date snapshot: SAR acquisitions 
are separated by revisit intervals, and the image used for each event is the acquisition 
closest to the flood peak, which may not coincide with the maximum inundation. Second, 
flood water in paddy fields recedes rapidly, and shallow or rapidly draining inundation 
may already have disappeared by the time of imaging, so the mapped extent is a lower 
bound on the peak inundation. Third, flood water is not always visible on SAR: wind 
roughening of the water surface, the rice canopy overtopping the water, and speckle can 
all reduce the contrast that the extraction relies on. For these reasons, the extracted inun-
dation extent is not directly comparable with official disaster statistics of the affected area, 
which are compiled over the entire event and under administrative definitions. The 
method is therefore best suited to analyzing the spatial pattern and field-scale distribution 
of paddy rice inundation and to supporting spatially targeted post-disaster decisions, ra-
ther than to reproducing an aggregate area that matches official statistics. Fourth, the 0.5 
m basemap is a provincial ortho-mosaic without per-scene acquisition dates, so the exact 
phenological stage of each field at the time of imaging is unknown; although the quarterly 
NDVI layers compensate for this to some extent, residual uncertainty in the phenological 
alignment of the rice map remains. Fifth, among the four study areas, we selected repre-
sentative areas in Lechang, Pingyuan and Taishan to construct the dataset, and no sepa-
rate training block was established in Yingde; the rice map of Yingde is therefore obtained 
by extrapolation. Yingde’s paddy fields are concentrated on the Beijiang alluvial plains, a 
landscape type also represented by the plain and valley fields in the training blocks, which 
supports the transfer, but field-scale differences may still introduce residual error. Sixth, 
fields that had not yet been transplanted, and therefore did not appear as paddy rice in 
the rice mask, are excluded from the mapped inundation area, so late-planted or tempo-
rarily fallow fields may be omitted from the inundation estimate. Seventh, the test set was 
randomly split at the tile level from the same nine blocks as the training set, so nearby tiles 
from the same field may be spatially correlated. Although the stride equals the tile size 
(no pixel overlap) and all compared models share the same split, this can slightly inflate 
the absolute accuracy of models that memorize local patterns and, because the differences 
among configurations are only 0.001–0.003, could, in principle, also affect their ranking; a 
spatially independent (block-wise or leave-one-county-out) split would provide a more 
rigorous assessment in future work. 

6. Conclusions 
This study tackled the challenge of mapping flood-affected paddy rice areas in com-

plex terrain by constructing a two-stage mapping framework consisting of paddy rice ex-
traction and flood-water identification. First, seasonal NDVI and DEM data were fused 
with Jilin-1 optical imagery, and DAEA-Net, a semantic-segmentation model integrating 
dual-attention and an edge-aware attention block (EAAB), was used to extract paddy rice 
areas. Second, multi-source GF-3 and Sentinel-1 SAR imagery were analyzed with PH-
MCW; the AOI was applied to the extracted water to remove terrain-induced false alarms, 
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and the inundation extent of paddy fields was obtained by differencing the pre-event and 
during-event water extents within the paddy rice map. 

On the test set, DAEA-Net achieved an OA of 0.9205, a Kappa coefficient of 0.8352, 
and an IoU of 0.8747, thereby capturing the spatial distribution and field boundaries of 
paddy rice under different geomorphic backgrounds. The AOI (potential flood-prone 
area), which removes steep-slope false alarms while retaining permanent water bodies 
and potentially inundated land, suppressed the false alarms caused by mountain shadows 
and radar layover. PH-MCW achieved an F1-score of 0.821 on the NDRCC dataset and up 
to 0.764 on the AIR-PolSAR-Seg-2.0 dataset, and maintained pixel-level accuracy across 
GF-3, Sentinel-1 and Fucheng-1 when each sensor was evaluated against its own reference 
annotations, with a sensitivity analysis showing that the prior percentile is a transferable 
initial constraint that should be confirmed locally before large-scale application. 
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Appendix A 

Table A1. Geographic coordinates of the nine paddy rice sampling blocks. Each block is 2000 m × 
2000 m. Block IDs: LC = Lechang, PY = Pingyuan, TS = Taishan. 

No. Block 
ID 

County Center Longi-
tude (°E) 

Center Lati-
tude (°N) 

Bounding Box (°E/°N) 

1 LCA Lechang 113.4633 25.1284 113.4532–113.4733/25.1190–25.1378 
2 LCB Lechang 113.4256 25.1150 113.4155–113.4356/25.1056–25.1243 
3 LCC Lechang 113.4430 25.1472 113.4325–113.4535/25.1372–25.1573 
4 PYA Pingyuan 115.9445 24.6851 115.9341–115.9549/24.6754–24.6948 
5 PYB Pingyuan 115.9397 24.6473 115.9293–115.9501/24.6375–24.6570 
6 TSA Taishan 112.9218 22.0637 112.9119–112.9318/22.0545–22.0730 
7 TSB Taishan 112.9003 22.0538 112.8904–112.9103/22.0445–22.0631 
8 TSC Taishan 112.8555 22.0387 112.8456–112.8655/22.0294–22.0479 
9 TSD Taishan 112.7927 21.9848 112.7828–112.8027/21.9755–21.9941 
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