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A B S T R A C T   

Timely and accurate mapping of paddy rice cultivation is needed for maintaining sustainable rice production, 
ensuring food security, and monitoring water usage. Synthetic Aperture Radar (SAR) remote sensing plays an 
important role in the continuous monitoring and mapping of rice cultivation in cloudy regions since it is not 
affected by weather conditions. To date, most SAR imagery-based rice mapping methods rely on prior knowledge 
(e.g., the planting date) and empirical thresholds for specific regions, which limits their applications in large 
spatial scales. To tackle this limitation, this study proposed a new SAR-based Paddy Rice Index (SPRI) to quantify 
the probability of land patches planted paddy rice. SPRI fully uses unique features of paddy rice during the 
transplanting-vegetative period in the Sentinel-1 VH backscatter time series. With the assistance of cloud-free 
Sentinel-2 images, SPRI can be calculated for each cropland object with adaptive parameters. Then, SPRI 
values of cropland objects can be converted to paddy rice maps using the binary-classification threshold. The 
proposed SPRI method was tested at five sites with diverse climate conditions, landscape complexity and 
cropping systems. Results show that the SPRI was able to produce an accurate classification map with an overall 
accuracy of over 88% and an F1 score of over 0.86 at all sites. Compared with the existing SAR-based rice 
mapping methods, our method performed much better in heterogeneous agricultural areas where rice is 
mosaiced with other crops. As SPRI does not need any prior knowledge, reference samples and many predefined 
parameters, it has high flexibility and applicability to support paddy rice mapping in large areas, especially for 
cloudy regions where optical remote sensing data is often not available.   

1. Introduction 

As one of the most important staple foods in the world, paddy rice 
occupies 12% of the global grain sowing area and feeds more than half of 
the world’s population (Food, 1994; Li et al., 2020; Lowder et al., 2016). 
Moreover, rice cropping has significant environmental impacts as it 
consumes water and emits greenhouse gases (Dong et al., 2016; Montzka 
et al., 2011; Tian et al., 2016). Therefore, monitoring rice cropping in a 
timely and efficient manner is essential not only for the food security of 
the world (Li et al., 2012) but also for environmental issues related to 
water use and climate change. Compared with traditional survey-based 
methods, the remote sensing approach is both time- and labor-efficient 

for large-scale and long-term rice mapping and monitoring (Chauhan 
et al., 2019; Dong et al., 2016; Weiss et al., 2020). 

Two sources of remotely sensed data are widely used for rice map
ping, namely optical and synthetic aperture radar (SAR) data (Adrian 
et al., 2021). Based on the unique spectral patterns of rice inundation 
and transplanting stages (Fig. 1 (a)), vegetation indices (e.g. Normalized 
Difference Vegetation Index (NDVI) and Enhanced Vegetation Index 
(EVI)) and water-related indices (Normalized Difference Water Index 
(NDWI) and Land Surface Water Index (LSWI)), both derived from op
tical data, were extensively collaborated in paddy field extraction (Xiao 
et al., 2002). Recent studies have shown the superiority of the combi
nation of vegetation and water indices in large-scale rice mapping when 
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optical data are available at the critical growth stages (Dan et al., 2021; 
Qiu et al., 2015; Tornos et al., 2015). However, in practice, severe 
weather conditions limiting optical observations are usually present 
during these stages, especially in tropical and subtropical regions (Dong 
and Xiao, 2016; Motohka et al., 2009). As a result, SAR data has been 
increasingly used in recent years in cloudy regions, thanks to its capa
bilities to penetrate the cloud cover and reflect the electromagnetic and 
structural properties of ground targets (Chen et al., 2014; Clauss et al., 
2018a, 2018b; Dong and Xiao, 2016). 

Many studies have demonstrated that SAR time series can capture 
the signals of critical rice growth stages for rice mapping in cloudy re
gions (Canisius et al., 2018; He et al., 2018; Inoue et al., 2014; Li et al., 
2020; Li and Bijker, 2019). The object-based classification approach is a 
promising method to identify paddy fields from SAR images (Gao et al., 
2021; Park et al., 2018; Qi et al., 2017; Son et al., 2021; Yang et al., 
2018). The most important reason is that it can mitigate the effect of the 
speckles in SAR images and improve the mapping accuracy (Jiao et al., 
2014; Qi et al., 2017; Shah Hosseini et al., 2011; Xu et al., 2019). Besides 
traditional classifiers, deep-learning algorithms have been employed to 
map rice with various remote sensing data, including SAR time series 
(Lin et al., 2022; Pan et al., 2021; Thorp and Drajat, 2021; Wei et al., 
2021, 2022; Xu et al., 2021). Driven by massive sample data, deep 
learning models can extract informative features automatically from 
SAR time series to get accurate paddy rice maps (Yang et al., 2022). In 
recent years, threshold-based methods are increasingly used for rice 
mapping in different regions and cropping systems (Bazzi et al., 2019; Li 
et al., 2020; Tian et al., 2018; Xie et al., 2015; Zhan et al., 2021). These 
threshold-based methods employ a hierarchical decision tree to combine 

the unique characteristics of rice. The pre-defined thresholds were 
applied to features associated with the “V”-shape pattern of backscat
tering during the rice growing cycle (see stages 2–4 in Fig. 1 (b)) (Chen 
et al., 2007; Clauss et al., 2018a; Nguyen et al., 2016; Pan et al., 2021; 
Zhan et al., 2021). 

However, existing rice mapping methods using SAR images are not 
robust due to the following challenges. First, most studies require prior 
knowledge of rice phenology to define a time window for extracting 
phenology-related features, which limits the applicability of these 
methods in regions without prior knowledge (Dong and Xiao, 2016). 
Second, both classification and threshold-based methods need pre- 
training to ensure rice mapping accuracy. As a result, the performance 
of rice mapping largely depends on the availability and reliability of 
training samples, resulting in huge costs for large-scale applications 
(Fiorillo et al., 2020; Torbick et al., 2017). Third, the trained model in a 
local environment may not be applicable to other sites, as the large 
differences in the cropping system, rice phenology, terrain or any other 
factors may lead to differences in the intensity of SAR backscatter signal. 

Besides classification and threshold-based methods, index-based 
methods are widely used to map target objects from remote sensing 
data, although it is rarely explored for mapping paddy rice from SAR 
time-series data. Compared with classification and threshold-based 
methods, index-based methods have two significant strengths: (1) it 
uses universal characteristics of the target objects so it has good appli
cability in different conditions; and (2) the index is a continuous variable 
correlated to the probability or coverage of the target objects, which can 
provide a more objective and flexible map of the target object than hard 
classifications. Various indices have been successfully developed to map 

Fig. 1. Examples of LSWI and NDVI time series derived from Sentinel-2 images (a), Sentinel-1 VH and VV time series (b) during the rice growth period, and field 
photos of the key phenological stages of paddy rice (Photographed by Xuelin Zhu). 
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different objects, such as the biological soil crust index (BSCI) (Chen 
et al., 2005), normalized difference yellowness index (NDYI) (Sulik and 
Long, 2016), and mountain green cover index (MGCI) (Bian et al., 
2020). Therefore, developing a SAR-based rice mapping index to syn
thesize unique temporal backscatter patterns of rice growth could be a 
solution to overcome the limitations of existing studies. 

Inspired by those index-based studies, we proposed a SAR-based 
Paddy Rice Index (SPRI) in this study for mapping paddy rice cultiva
tion in cloudy regions. The proposed SPRI index could fulfill the 
following goals: 1) to enlarge the interclass difference while tolerating 
the intraclass variation of SAR signals; 2) to avoid the collection of large 
training samples and 3) to consider local conditions adaptively and 
achieve robust mapping results in different regions. The proposed SPRI 
index was calculated for each farming land object to generate the paddy 
rice maps. The land objects can be obtained from cloud-free Sentinel-2 
optical images. The proposed method was tested at five sites in USA and 
China with diverse climate conditions, landscape complexity and crop
ping systems. 

2. Development of a novel rice mapping index: SPRI 

2.1. Temporal signature of sentinel-1 backscatters for different land cover 
types 

SPRI was developed based on the feature analysis of the temporal 
signature of Sentinel- 1 VH backscatter for different land cover types as 
shown in Fig. 2, since VH is better than VV band for capturing the unique 
characteristic of rice growth as shown in Fig. 1 (b) and demonstrated by 
other studies (He et al., 2018). Generally, different land covers exhibit 
differences in the backscattering intensity and temporal variation given 
that SAR signals are sensitive to the electromagnetic and structural 
properties of land surface objects. Built-up areas typically generate 
strong backscattering which indicates the presence of dihedral struc
tures formed by the building wall and ground. The water surface has 
very low backscattering intensity and is easy to separate from other land 
covers because the impinging radar energy is predominantly reflected 
away. For vegetation, its backscatter largely relies on the phenological 
stages during the growth period. Standing vegetation (e.g., mixed forest) 
shows a more stable temporal pattern than grassland which exhibits 
seasonal characteristics. Besides, crops have lower backscatter values 
and greater dynamic backscatter ranges than natural vegetation (Zhan 
et al., 2021). Crops tend to have higher backscattering intensity at the 
vegetative and maturity stages due to the rebound interaction among 

vegetation components while the intensity is approximately equal to 
bare soil after harvest. Therefore, within-season temporal dynamics of 
backscatter during crop growth are often extracted by existing studies as 
key features for crop mapping and classification (Bazzi et al., 2019; 
Clauss et al., 2018a; Torbick et al., 2017). 

As a semi-aquatic plant, paddy rice is the only major crop that has 
flooded fields during the initial stage. The backscattering mechanism of 
rice during the growth period is mainly affected by soil moisture, plant 
coverage and height. During the inundation period, the backscattering 
intensity is mainly affected by surface water since the plant is small and 
plant coverage is sparse (stage 2 in Fig. 1). As a result, the backscattering 
values of the transplanting stage are much lower compared with other 
vegetation or crops without irrigation (Fig. 2). By contrast, the back
scatter intensity of rice exhibits no significant difference from other 
vegetation at the maturity stage (Fig. 2). The temporal variation of 
water–soil–vegetation composition that corresponds to backscattering 
intensities during stages 2–4 in Fig. 1 (b) are critical features in paddy 
rice identification. 

Fig. 2. Examples of Sentinel-1 VH time series of different land cover types and crops in this study.  

Fig. 3. Diagram of three features in the Sentinel-1 VH time series for designing 
the paddy rice index in Eq. (1). The solid line is smoothed Sentinel-1 VH time 
series and details of smoothing processing are described in Session 4.2. 
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2.2. SPRI design 

Based on temporal pattern analysis of paddy rice compared with 
other land covers and crops in Section 2.1, the unique characteristics of 
rice growth can be summarized as the large range of backscatter dy
namics during the growing period that is greater than other crops 
(characteristic 1); low backscatter value at the inundation stage that is 

close to that of water (characteristic 2); and high volume-scattering 
characteristic at the vegetative stage that is close to that of other vege
tation (characteristic 3). To quantify these characteristics, a Vegetation- 
Water zone was defined by setting up an upper boundary to represent 
the maximum intensity (v) of local vegetation (hereinafter referred to as 
“V line”) and a lower boundary to denote the intensity (w) of local water 
surface (hereinafter referred to as “W line”) (Fig. 3). Then, three 

Fig. 4. Comparison of function f(D) values between paddy rice and other land covers using linear function (a) and sigmoid function (b).  

Fig. 5. Location of five selected sites in the USA (a) and China (b) used in this study (upper row) and false-color compositions of cloud-free Sentinel-2 images (middle 
row) and Sentinel-1 VH image (bottom row) near the transplanting stage. 
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measurements, f(D), f(W), and f(V), were developed to quantify the 
three characteristics respectively in the growth period of paddy rice 
(from point p1 to p2 in Fig. 3). f(D) measures the closeness of the 
backscatter dynamic range of a given crop field close to that of a rice 
field, f(W) quantifies the similarity of the local minimal intensity during 
the growth period with local water, and f(V) quantifies the similarity of 
the local maximal intensity during the growth period with local vege
tation, respectively. Paddy rice should hold all three characteristics 
simultaneously. Therefore, SPRI was designed to integrate all three 
measurements as Eq. (1): 

SPRI = f (D)× f (W)× f (V) (1) 

Theoretically, f(D) can be calculated as the ratio between backscatter 
range D (i.e., p2 - p1) and the depth of the V–W zone (i.e., v - w), i.e., f 
(D) = D/ (v - w), which is a simple linear function to rescale the value of 
D to 0–1 for quantifying the probability of paddy rice. However, this 
simple linear function cannot well differentiate paddy rice and other 
crops (Fig. 4 (a)). To enlarge the difference between paddy rice and 
other crops, f(D) uses a sigmoid function to rescale the value of D to 0–1 
(Fig. 4 (b)) as Eq. (2): 

f (D) =
1

1 + e(
v− w

2 − D)
,D = p2 − p1 (2)  

where v and w represent the backscatter intensity of V line and W line 
respectively, and p1 and p2 are the local minimal and maximal intensity 
during the growth period respectively. D, v, w, p2 and p1 are with unit 
dB. Values of v, w, p1, and p2 are all extracted from SAR time series 
(details in Session 4.2). 

For f(W), the quadratic function as Eq. (3) was employed to convert 
the relative difference between p1 and W line (i.e., W =

p1− w
v− w ) to a 

closeness measurement ranging from 0 to 1 to represent the probability 
of paddy rice, and meanwhile, enlarge the difference between paddy rice 
and other land covers by the square operation. Similarly, Eq. (4) is used 
for f(V) to measure the closeness of p2 to the V line. 

f (W) = 1 − W2,W =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

1, p1 ≥ v
p1 − w
v − w

0, p1 < w

,w ≤ p1 < v (3)  

f (V) = 1 − V2,V =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

1, p2 ≤ w
v − p2
v − w

0, p2 > v

,w < p2 ≤ v (4) 

Finally, for f(D), f(W), and f(V), all of them range from 0 to 1 and they 
exhibit the same direction, where the large values suggest a high 
probability of paddy rice cultivation. As a result, their integration by Eq. 
(1) also ranges from 0 to 1 and large values suggest a high probability of 
paddy rice cultivation. The combination of three measurements can give 
a more robust estimation of the probability of paddy rice cultivation 
than using a single measurement. These three components are combined 
by multiplication, because they all are necessary conditions for judging a 
cropland object as rice cultivation. Using multiplication rather than 
addition is to ensure that a land patch is classified as paddy rice only if it 
has all three characteristics simultaneously. If they were combined by 
addition, one of the components would be ignored if other two com
ponents dominate. For example, some water-intensive crops with a 
relatively large value of f(D) and f(V) would be misclassified as paddy 
rice if using addition formula (see examples of rice and soybean in Ap
pendix A. Supplementary Data). 

3. Study area and data 

3.1. Study area 

Five sites were selected as the study area (Fig. 5) that have differ
ences in 1) geographical and climate conditions; 2) landscape 
complexity; and 3) cropping systems (Table 1). The sites 1–3 located in 
the USA are the region of intensive agriculture, where the cropland is the 
main land use type. Site 1 is located in the Glenn County, California State 
(122◦0′–122◦12′W and 39◦26′–39◦36′N) with an average temperature of 
16.01 ◦C and annual precipitation of around 600 mm. Dense rice fields 
are a big part of the agricultural base of Glenn County. Sites 2 and 3 are 
both located in the Mississippi River basin, where the watershed is 
dominated by agriculture. Site 2 is located in Poinsett County, Arkansas 
(90◦42′–91◦06′W and 35◦22′–35◦37′N), with 1270 mm annual precipi
tation and 15.89 ◦C temperature on average. Paddy rice, soybean, corn, 
and potatoes are the main grain crops at site 2, while their distribution is 
mixed. Most fields yield one-season crops and they share a similar crop 
calendar. Therefore, site 2 is capable to assess the performance of rice 
extraction under the scenario of heterogeneous crop distribution. Site 3 
overlaps with the Cross County and St. Francis County, Arkansas 
(90◦36′–91◦06′W and 34◦55′–35◦21′N) and has the similar crop types 
and cropping systems to site 2, whereas croplands are mixed distributed 
with woody wetlands and forests. The experiment at site 3 can reveal the 
influence of natural vegetation on rice field recognition, especially the 
influence of wetlands where the soil is periodically dabbled or covered 
by water. 

Sites 4 and 5 are located in the mountainous region of Sichuan and 
Hunan provinces in China, respectively, where the distinctive agricul
tural characteristic is smallholder farming. Site 4 is located in Meishan 
City, the south-western part of Chengdu Plain and the conjunction be
tween Chengdu Plain and Hengduan Mountains (103◦37′–103◦54′E and 
30◦3′–30◦16′N). Its altitude is higher in the west and lower in the east 
with a gentle slope inclination. Site 4 has a subtropical monsoon climate, 
with an average annual precipitation of 1000–1500 mm and tempera
tures ranging from 6 ◦C in January to 25 ◦C in August, and the sky is 
constantly cloudy and rainy for most of the growing period. Site 5 is 
located in the hilly area of Wugang City (110◦26′–110◦45′E and 
26◦37′–26◦56′N), Hunan province with an average annual precipitation 
of 1200 mm, and an average temperature of 16.8 ◦C. Rice is the main 
grain crop in the whole site and is cultivated on the lower land. Sites 4 
and 5 are selected to assess the rice mapping capacity in cloudy regions 
with mountainous terrain and smallholder farming system. Detailed rice 
planting information of five sites is listed in Table 1. 

3.2. Sentinel-1 and Sentinel-2 data 

Sentinel-1 is one of the most widely used radar satellites which is the 
first of the Copernicus Program satellite conducted by the European 
Space Agency. The instrument has a swath of up to 400 km. The satellite 
is on a sun-synchronous, near-polar (98.18◦) orbit with a 12-day repeat 

Table 1 
Summary of rice planting information at five study sites.  

Study 
site 

Rice type Ratio of rice 
field to total 
cropland 

Average size of 
rice objects 
(acre) 

Rice growth 
period 

Site 1 Single rice 62% 78.6 May to September 
Site 2 Single rice 42% 41 May to September 
Site 3 Single rice 21% 41 May to September 
Site 4 Single rice 38.5% 7.4 May to August 
Site 5 Single/ 

double 
rice 

80% 7.8 Single: May to 
August 
Double: March to 
July/July to 
October  
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cycle. In this study, Sentinel-1 Ground Range Detected (GRD) scenes, a 
calibrated and ortho-corrected product provided by the Google Earth 
Engine (GEE), were used to generate SAR VH time series with 10 m 
spatial resolution and 12-day temporal resolution (Table 2). Such tem
poral resolution is promising for the monitoring of the growing stages of 
paddy rice (He et al., 2018). The acquisition periods of these SAR data 
are aligned with the date of sample data collection. 

Auxiliary data involved cloud-free Sentinel-2 images (e.g., cloud 
coverage <10%) and annual spectral index composite for study sites. To 
achieve a good spatial consistency with Sentinel-1 images, only the 
bands with 10 m resolution within Sentinel-2 images (blue, green, red 
and near-infrared bands) were obtained from the GEE platform. Besides, 
two spectral indices, namely, NDVI and NDWI, were derived to reflect 
land cover information of vegetation and waterbody, respectively. The 
annual maximum NDVI and NDWI (hereinafter referred to as “NDVI
max” and “NDWImax”) were also calculated based on all available 
Sentinel-2 images within one year to reduce the influence of cloud 
contamination. 

4. Mapping paddy rice cultivation based on SPRI 

The workflow of rice mapping in cloudy regions using the developed 
SPRI index is shown in Fig. 6, including four major steps after the pre
processing step of speckle-noise reduction by a 7 × 7 refined Lee-Sigma 
filter (Lee et al., 1999). In this study, the SPRI calculation is imple
mented on the entire region to make the whole process simple and 
automatic, but it can be applied to only croplands if a map of croplands 
is available. First, based on cloud-free Sentinel-2 images, image seg
mentation was implemented to generate homogeneous land parcels. 
Second, we calculated the SPRI value for segmented objects to quantify 
the probability of land patches planted paddy rice. Third, the 
object-based SPRI values were classified by a threshold to obtain rice 
maps. Last, the accuracy of rice maps derived from SPRI was further 
assessed by validation samples at five sites and compared with existing 
rice mapping methods. 

4.1. Sentinel-2 image segmentation 

The object-based approach has been widely used to reduce the noisy 
effect in land cover classification over agriculture areas with geometric 
features, such as the crop field boundary (De Castro et al., 2018; Leb
ourgeois et al., 2017; Li et al., 2015; Peña-Barragán et al., 2011). In this 
study, the combination of Canny edge detection and watershed seg
mentation, referred to as the CEWS workflow (Watkins and van Niekerk, 
2019a, 2019b), was applied for field boundary delineation, due to its 
robustness and transferability in diverse agricultural systems (Watkins 
and van Niekerk, 2019a, 2019b). 

First, edge images for each band of each Sentinel-2 image were 
generated by the Canny algorithm which was implemented in R using 
the ‘imager’ package (version 0.42.11). The adjustable parameter, alpha, 
of which a large parameter tends to detect strong edges and a lower 
parameter may include some weak edges (default 1.0), was set as 1.0 for 
three sites in the USA and 0.8 for two sites in China. Next, the Z-score 

Table 2 
Summary of Sentinel-1 time series used in this study.  

Study site Country Orbit Incidence angle (◦) Path Frame Acquisition period 

Site 1 USA Ascending 30.47–31.55 137 124 Jan.05 – Dec.30, 2020 
Site 2 USA Ascending 38.31–39.87 165 110 Jan.07 – Dec.20, 2020 
Site 3 USA Ascending 38.10–39.88 165 110 Jan.07 – Dec.20, 2020 
Site 4 China Ascending 39.57–40.31 128 94 Feb.12 - Dec.21, 2017 
Site 5 China Ascending 39.01–40.99 84 80&85 Jan.07 - Oct.22, 2021  

Fig. 6. The flowchart of mapping paddy rice using the SPRI method.  

Fig. 7. Results of Canny edge detection (a) and results of watershed segmentation (b) for site 2.  
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algorithm, followed by a max-min normalization was employed to 
standardize the composite edge layer used for image segmentation 
(Fig. 7 (a)). To avoid the influence of noise, the layer values were 
divided into five classes from smallest to largest using the Jenks’ natural 
breaks (JNB) algorithm (Jenks, 1967) and the value belonging to the 
first class was abandoned. Then, the watershed algorithm (Fig. 7 (b)) 
was used to segment the aggregated edge layer because it is sensitive to 
weak edges and is guaranteed to obtain closed continuous edges (Sha
farenko et al., 1997). Since watershed segmentation is prone to produce 
a large number of small objects (Bleau and Leon, 2000), tiny objects (i.e., 
size <10 pixels) were filtered out in the segmentation results considering 
that they are unlikely to be cropland parcels. Finally, objects of land 
parcels at each site were obtained for the object-based SPRI calculation. 

4.2. Object-based SPRI calculation 

For each image object, two parameters are required for SPRI calcu
lation, including the backscattering intensity of the W line and V line (i. 
e., w and v in Eqs. (2)–(4)). Different study sites would have different w 
and v due to different land surface structures and other factors such as 
orbit geometry. Therefore, adaptive w and v values with consideration of 
site differences are necessary when calculating SPRI. 

The two parameters can be determined by the backscattering in
tensity of local vegetation and temporary water objects (i.e., flooded rice 
fields during the inundation stage) using the workflow in Fig. 8. Spe
cifically, NDVImax and NDWImax were firstly used to select vegetation 
and temporary water objects respectively, using a threshold approach. 
NDVI >0.4 is generally viewed as vegetation coverage (Peng et al., 
2019), and NDWI >0.3 is usually for the detectable water surface 
(McFeeters, 2013). Thus, vegetation objects (NDVImax >0.4) and tem
porary water objects (NDVImax >0.4 and NDWImax >0.3) within each 
site can be identified. Then, the annual maximum backscattering in
tensities of each vegetation object and minimum backscattering in
tensities of each water object can be calculated. Finally, the v and w 
values were determined with a percentile strategy. The parameters of w 
and v determined for each site are shown in Table 3, which was based 
the sensitivity analysis in sites with different terrains, i.e., flat or hilly 
(see details in Section 6.2). 

In addition, local minimal and maximal points (p1, p2) are needed to 
be extracted from the Sentinel-1 time series to compute SPRI, which can 
be automatically accomplished by seeking turning points in the Sentinel- 
1 time-series curve (e.g., the gradient of the curve to be zero). The details 
of turning point extracting steps can be found in Appendix A. Supple
mentary Data. Ideally, each pair of p1 and p2 represents a rice growing 
period. However, unintended pairs of p1 and p2 can be found due to 
rainfall events which cause a short-term drop in backscattering in
tensity. By assuming that the rice growing cycle is much longer than 
rainfall events, the drops shorter than 40 days in the Sentinel-1 time 
series were filtered out by linear interpolation (see original and filtered 
Sentinel-1 time series in Fig. 3) (Asilo et al., 2014; Zhu et al., 2008). 
Finally, reliable local minimal and maximal points (p1, p2) and their 
backscattering intensity were extracted from the filtered Sentinel-1 time 
series. It is worth noting that multiple pairs of local maximal and min
imal points may be obtained from Sentinel-1 time series of one year due 
to multi-season cropping practice. All pairs were put into Eq. (1) for 

Fig. 8. The workflow of w and v determination for study sites.  

Table 3 
Summary of parameter w and v used for SPRI calculation at five study sites.   

Parameter w Parameter v 

Percentile Value Percentile Value 

Site 1 10% Percentile − 26.48 10% Percentile − 18.02 
Site 2 10% Percentile − 31.82 10% Percentile − 16.16 
Site 3 10% Percentile − 31.42 10% Percentile − 15.82 
Site 4 75% Percentile − 22.65 25% Percentile − 14.85 
Site 5 75% Percentile − 23.57 25% Percentile − 15.30  

Fig. 9. The box plot of the calculated index value of land cover types at Site 3.  
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computing SPRI values. 

4.3. Rice mapping from SPRI by binary-classification 

SPRI value indicates the probability of a land parcel being planted 
with paddy rice. As a result, it can be used to classify each object into 
paddy rice and non-rice by an appropriate threshold. Since SPRI has 
already normalized the differences caused by different sites to a large 
extent, a uniform threshold can be used for mapping paddy rice at 
different sites. To determine this threshold, SPRI values of different land 
cover types and crops at site 3 were summarized by box plots (Fig. 9) 
because site 3 has more different land cover types than other sites. As 
shown in the box plots in Fig. 9, SPRI values of paddy rice are much 
higher than other land cover types except for few outliers. Finally, we 
determined the threshold as 0.6 for classifying SPRI values into the rice 
and non-rice classes. More discussions about the selection of threshold 
were in Section 6.2. 

4.4. Accuracy assessment and performance comparison 

4.4.1. Validation plot 
Validation sample sets for sites 1–3 were collected from the United 

States Department of Agriculture (USDA) Cropland Data Layer (CDL) 
with 30 m spatial resolution (https://nassgeodata.gmu.edu/CropSca 
pe/). USDA CDL was produced using the machine learning method, in 

situ reference data, and multi-date satellite images to identify >100 crop 
types (Johnson and Mueller, 2010). High classification accuracies 
(>90%) for major crop types were reported (Boryan et al., 2011) and 
numerous agriculture-related studies and land cover change studies 
have employed the CDL dataset as reference data (Diao et al., 2021; 
Johnson and Mueller, 2021; Park et al., 2018; Wu et al., 2021). In this 
study, we manually checked the CDL maps over three sites with the 
support of Google Earth and generated a 10 m binary classification map 
of rice and non-rice using the nearest neighbor resampling method (see 
reference maps in Fig. 11). Validation sample sets of the sites 4 and 5 in 
China were ground survey samples collected in 2016 (site 4) and 2021 
(site 5) respectively. Site 4 has 30 rice cultivation samples and 30 non- 
rice samples, while site 5 has 53 rice cultivation samples and 50 non-rice 
samples. Each sample was at least 50 m wide and 50 m long to match the 
scale of remote sensing data (He et al., 2018). A hand-held GPS unit was 
used to locate the samples, which were projected to the radar data. 

4.4.2. Accuracy metrics 
The validation samples were used to calculate the accuracy of the 

rice mapping. Since the sample size of sites 4 and 5 is limited, we 
combined validation samples of these two sites with a total of 83 rice 
plots and 80 non-rice plots. The producer’s accuracy (PA), user’s accu
racy (UA), overall accuracy (OA), and F1 score (Hripcsak and Roths
child, 2005) were adopted to assess the rice mapping accuracy. These 
accuracy measures were calculated using the equations (Eqs. (5)–(8)): 

Fig. 10. The SPRI map (first column) and derived rice maps (second column) at the five study sites, and SPRI maps and true-color Sentinel-2 images of the zoomed 
sub-region (a) (third and fourth column) and sub-region (b) (fifth and sixth column) in each site. 
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PA =
xR

xi*
(5)  

UA =
xR

x*j
(6)  

OA =
Sd
n

(7)  

F1 score =
2 × UA × PA

UA + PA
(8)  

where xR is the number of samples with true rice cover that is classified 
as rice by the algorithm, xi* represents the total number of samples that 
are classified as rice, and x*j represents the total number of samples with 
true rice cover. Sd is the number of samples that are correctly classified, 
and n denotes the total number of validation samples. 

We compared the performance of rice mapping based on SPRI with 
other two rule-based rice mapping methods and one deep learning- 
based method at all study sites. For the rule-based methods, two 
methods developed by Clauss et al. (2018a, 2018b) and Zhan et al. 
(2021) were selected for comparison because they are the most recent 
studies and attracted more attention with a large number of citations. 
Both methods use the dynamic range of SAR backscatter during the rice 
growing period as the key feature for rice identification with predefined 
thresholds. Values of these thresholds reported in Clauss et al. (2018a, 
2018b) and Zhan et al. (2021) were employed for rice mapping at the 
five sites. For the deep learning-based method, the temporal feature- 
based segmentation (TFBS) model (Yang et al., 2022) developed 
recently was selected for comparison. It integrated the LSTM and UNET 
module to extract temporal and spatial features for rice mapping with 
time-series SAR images and obtained a better result than the model of 
LSTM, UNET, and convolutional LSTM. We trained the TFBS model 
using the samples in USA shared by its developer (Yang et al., 2022) and 
applied the trained model to our five sites. Since our method was 
assessed at the object scale, for fairness of comparison, the two rule- 
based methods were applied to objects from image segmentation, and 
the pixel-wise result from TFBS was further aggregated to objects by 
using majority rule. 

5. Results 

5.1. SPRI values 

SPRI values for five sites are shown in Fig. 10 (the first column). It 
shows that the high SPRI values (blue objects) well agree with the 
inundated areas in Sentinel-2 images (dark areas of the zoomed true- 
color Sentinel-2 images in Fig. 10). These inundated areas indicate the 
flooded stage of the rice planting practice. Besides, we can see that low 
SPRI values (red objects) match with the areas of natural vegetation and 
other land covers. Objects with moderate SPRI values are rare at all sites, 
suggesting that SPRI values can well distinguish rice from non-rice 
covers. Furthermore, histograms of SPRI values of three USA sites and 
two Chinese sites show a similar by-modal pattern (see the first column 
in Fig. 14), although land conditions and climate background are 
different between the two countries. It is clear that this by-modal his
togram is a combination of rice and no-rice classes, confirming that SPRI 
successfully enlarges the difference between rice and other non-rice 
covers. Fig. 10 also shows variability in SPRI values for paddy rice 
fields (e.g., light blue to dark blue cover in the SPRI maps), which may 
be caused by the biophysical factors (e.g., different seeding density) and 
environmental factors (e.g., irrigation conditions). 

5.2. Classification map of rice cultivation and accuracy assessment 

Maps of rice cultivated areas at five sites based on SPRI values are 
shown in Fig. 10 (second column). Rice maps at all sites were generated 
by classifying the SPRI image using threshold 0.6 which was explained 
in Section 4.3. The visual comparison of paddy rice maps from SPRI 
segmentation and reference was presented for three sites in the USA. The 
classification maps of these three sites are visually similar with the 
reference maps (the first column in Fig. 11). Site 1 has the highest 
consistency, where rice cultivation occupied the major lands. For the 
other two sites where rice fields spatially were mosaiced with other 
croplands, more classification errors were observed than in site 1. For 
instance, some objects of natural vegetation were wrongly classified as 
rice in the western areas of site 2. Rice at two sites in China is mostly 
distributed in the flat valleys in these mountainous areas (Fig. 10). The 
zoom-in regions of sites 4 and 5 show the rice objects overlaying with 
the Sentinel-2 images, demonstrating a good delineation of rice fields 

Fig. 11. Comparison of rice mapping results obtained with four methods in site 1(upper row), site 2 (middle row), and site 3 (lower row).  
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from other land covers (e.g., roads in site 4) in complex landscapes. 
The accuracy assessment was performed for sites 1–3 individually. 

Sites 4 and 5 were combined to evaluate the accuracy because of the 
limited samples and their high similarity in terrain. High mapping ac
curacies were achieved, with an OA larger than or equal to 0.88 at all 
study sites (Table 4). We mapped paddy rice areas with the F1 score 
ranging from 0.86 at site 2 to 0.97 at site 1, indicating that the proposed 
method keeps the balance between the UA and PA. The PA for our target 
class, paddy rice, was greater than or equal to 0.91 at five sites, sug
gesting that our method has successfully identified the majority of the 
paddy rice objects at all sites. Different from PA, UA reflects the capacity 
of the proposed method to distinguish paddy rice and other land covers 
which may bring difficulties in rice mapping. UA reaches 0.9 except for 
site 2 (0.82). This may be because rice at site 2 is more mosaiced with 
other crops. Hence, the irrigation process may affect land parcels close 
to the rice fields, bringing challenges for differentiating rice from nearby 
other crops. 

5.3. Comparison with existing rice mapping methods 

Visual comparison between the proposed method and three existing 
methods at sites 1–3 shows that the map produced by our method is 
generally more similar with the reference map than other three methods 
(Fig. 11). We compared UA and PA of four methods among five study 
sites and found that our method can generally better balance omission 
and commission errors as results of our method show a higher UA and 
comparable PA compared with other methods (Table 5). At site 1, SPRI 
method and other two threshold methods perform well with satisfied PA 
and UA, proving their capacity for rice mapping in the region where rice 
is the dominant crop. However, the deep learning-based method ob
tained a PA value only 0.7, suggesting it missed many rice fields in a site 
where rice is the dominant crop. For sites 2 and 3, SPRI method and the 
deep learning-based method can get satisfied PA and UA values, but the 
two rule-based methods have very low UA values indicating that they 
misclassified many non-rice fields as rice in these two sites where rice is 
not a dominant crop. Specifically, SPRI method improved UA values of 
the two rule-based methods by 0.26 and 0.17 in site 2, 0.42 and 0.4 in 

site 3, respectively. It suggests that SPRI method can reduce the classi
fication confusion by enlarging the differences between rice and other 
land covers, which is the big challenge when rice is mixed with other 
crops such as sites 2 and 3. For sites 4 and 5 in China, SPRI method and 
two threshold-based methods performed better than deep learning- 
based method, demonstrating the challenges of applying deep learning 
methods to regions without available training samples. 

6. Discussion 

6.1. Advantages of SPRI 

In this study, we introduced a new rice mapping index SPRI using 
Sentinel-1 time series and demonstrated its performance over five 
complementary sites with differences in climate background, terrain 
condition, and cropping system. It obtained good accuracies among five 
sites, mainly due to two advantages compared with existing methods. 

First, the proposed index integrated three key rice growing features 
into one quantity for estimating the probability of rice cultivation over 
different regions, while existing methods only use part of these features 
or use them independently. For example, Nguyen et al. (2016) only 
employed local maximum value and backscatter amplitude as the static 
threshold of the decision tree, resulting in confusion with non-rice 
vegetation. To investigate the benefit of combining three features, an 
ablation experiment was used to illustrate the contribution of three 
features (f(V), f(W), and f(D)) to the improvement of rice mapping ac
curacy (Fig. 12). It shows that the integration of three features can get 
the highest F1 score for all sites, which is significantly better than using f 
(V) and f(W) or only f(V) in three of the five sites. To better understand 
the results from the ablation experiment, values of three features of 
different crops and land covers were visualized in a three-dimensional 
plot (Fig. 13). It clearly shows the effectiveness of three components 
in distinguishing paddy rice from other crops and land covers. Rice 
mainly distributes on the right upper corner with high values of three 
components, while other non-rice land covers do not have large values 
(i.e., close to 1) of three sub-indexes concurrently. Therefore, the SPRI 
value from the multiplication of three sub-indexes can enlarge differ
ences between rice and non-rice fields (an example of SPRI difference 
between rice and soybean can be found in Appendix A. Supplementary 
Data), thereby achieving the highest F1 score for all sites. 

Second, the proposed method can enlarge the differences between 
paddy rice and other land covers by a non-linear rescaling for all fea
tures, which is different from the existing methods using original 

Table 4 
Accuracy assessment of rice mapping: overall accuracy (OA), user’s accuracy 
(UA), producer’s accuracy (PA), and F1 score. UA, PA, and F1 score are for the 
rice class.  

Study site Sample size (rice: non-rice) OA UA PA F1 score 

Site 1 486:187 0.95 0.96 0.98 0.97 
Site 2 244:367 0.88 0.82 0.91 0.86 
Site 3 229:513 0.94 0.90 0.91 0.91 
Sites 4 and 5 83:80 0.91 0.90 0.92 0.91  

Table 5 
Accuracy assessment of four methods: user’s accuracy (UA) and producer’s ac
curacy (PA) for the rice class.  

Study 
site 

Accuracy Index 
method 

Rule-based method Deep- 
learning 
method   

SPRI- 
based 
method 

Clauss et al. 
(2018a, 
2018b) 

Zhan 
et al. 
(2021) 

Yang et al. 
(2022) 

Site 1 UA 0.96 0.95 0.94 0.99 
PA 0.98 0.93 0.93 0.7 

Site 2 UA 0.82 0.56 0.65 1.00 
PA 0.91 0.98 0.93 0.90 

Site 3 UA 0.90 0.48 0.50 0.94 
PA 0.91 1.00 0.91 0.93 

Sites 4 
and 5 

UA 0.90 0.91 0.89 0.78 
PA 0.92 0.81 0.88 0.47  

Fig. 12. Comparison of the rice mapping accuracy (F1 score) among the three 
scenarios using an ablation experiment for all sites. 
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features for rice field extraction (Dong and Xiao, 2016). This non-linear 
rescaling strategy can achieve a balance between omission and com
mission errors. Backscattering and phenological features during rice 
growth were widely employed by previous studies, such as the local 
minimum SAR backscattering intensity at the inundation phase (Clauss 
et al., 2018a; Nguyen et al., 2016; Son et al., 2021; Tian et al., 2018), 
dynamic backscatter range during growth (Clauss et al., 2018a; Nguyen 
et al., 2016; Nguyen and Wagner, 2017; Tian et al., 2018), and rice 
transplanting date (Li et al., 2020; Nguyen et al., 2016; Son et al., 2021; 
Zhan et al., 2021). These features showed a certain ability to distinguish 
between rice and non-rice fields (Fig. 14), but it is difficult to find a 
proper threshold for differentiating rice from other land covers from 
these features. Furthermore, the well-trained thresholds may not be 
applicable to different sites. For instance, the threshold used to filter out 
land parcels without inundation period in the method proposed by 
Clauss et al. (2018a, 2018b) was not applicable at sites 2 and 3 because 
lots of other crop fields also had minimum intensity lower than the 
threshold. Similarly, even if the precise phenology information is 
known, similar temporal profiles of SAR intensity would be observed for 
rice and other crops of the same period, resulting in a low UA based on 
phenology information such as the one proposed by Zhan et al. (2021). 
In this study, SPRI enlarges the index value difference between rice and 
non-rice covers, i.e., rice fields with a high value close to 1, and all non- 
rice fields with a low value close to 0, leading to a smaller intersection of 
rice and non-rice in the histogram of the SPRI value than the histogram 
of other original features (Fig. 14). The overlap of histograms of the SPRI 
value between rice and non-rice fields is small, demonstrating that a 
uniform threshold to separate rice and non-rice field by index segmen
tation is easy to determine for all sites. 

6.2. Transferability of the proposed method 

The robust performance among five sites demonstrates good trans
ferability of the proposed method to different regions. Reasons for good 
transferability include (1) parameters determined locally and adap
tively, (2) assistance of optical image, and (3) ease of separating rice and 
non-rice covers by index threshold. 

First, the proposed method has two regional adaptive parameters, 
upper boundary “V line” (v) and lower boundary “W line” (w), catering 
for the differences of study sites in the geographical and climate back
ground. The comparison between the method using local adaptive pa
rameters and the unified parameter shows the contribution of the 
consideration of local environments to rice mapping (Fig. 15). Results 
from local parameters had significant increases in F1 score compared 
with that from unified parameters derived from the virtual large site (i. 
e., five sites combined as one site). The reason is that SAR backscatter 
values and their dynamic ranges vary under different situations, terrain 

conditions, rice cultivars and cultivation, and the incident angles in 
different regions (Chakraborty et al., 2005; Le Toan et al., 1997; Steele- 
Dunne et al., 2017). For instance, the incidence angle is one factor that 
influences the SAR backscattering intensity. Previous studies found that 
the radar backscatter decreases with the increase of incidence angle 
because of the attenuation of energy from double-bounce and multi-path 
scattering and possibly the increase in the specular reflectance of surface 
layers (Brisco et al., 1992; Xu et al., 2019). However, the incidence angle 
has the small range for each site covered by one Sentinel-1 tile. There
fore, the impact of the incidence angle on all pixels in one site can be 
considered as a systematic bias, and this bias can be mitigated by our 
designed index, which uses local adaptive parameters w and v to 
harmonize the difference among sites. Therefore, the strategy that SPRI 
parameters were collected from samples around target rice fields was 
able to eliminate the site differences. Furthermore, obtaining parame
ters from a large spatial extent would slightly reduce the classification 
accuracy, possibly attributed to the complex landscape within a large 
area (Fig. 16). As a result, we suggest dividing large areas into grids 
when applying our proposed method. Implementation of the proposed 
method in smaller grids (e.g., 0.5-degree grid) can acquire proper pa
rameters which reflect the local land surface condition and thereby 
improve the classification accuracy. 

Second, both parameters were determined automatically and adap
tively with the assistance of Sentinel-2 images, which lifts the require
ment of prior knowledge in other existing methods (Bazzi et al., 2019; 
Cai et al., 2019). Only vegetation index and water index of a certain 
percentile were used to determine the two parameters, v and w. We 
investigated the sensitivity of rice mapping accuracies to the selection of 
percentiles, which provides guidelines for users to apply the proposed 
methods to any other sites. Specifically, we selected different percen
tiles, namely, 5th, 10th, 25th, 50th, 75th, 90th and 95th percentile of the 
candidate backscattering intensity values described in Section 4.2, as the 
value of v and w to compute SPRI. F1 score of rice mapping at each site 
with combination of different v and w values was shown in Fig. 17. The 
result illustrates that the mapping accuracy is insensitive to the per
centiles of both v and w at site 1 where paddy rice is the dominant crop. 
The F1 score is more sensitive to w than to v at the other four sites. 
However, Fig. 17 shows a large range of v and w values that can get a 
promising result in each site (e.g., F1 score > 0.8), suggesting the ease 
for users to select suitable percentiles for end users. Specifically, we 
recommend 10th to 25th percentile for determining v value in any 
landscapes, because paddy rice often has a relatively lower backscatter 
than other vegetation and crops. For w value, we suggest 5th to 25th 
percentiles for flat landscapes (e.g., the three USA sites) and 75th to 95th 
percentiles for hilly landscapes (e.g., the two Chinese sites). Hilly areas 
often have water bodies which are deeper than the flooded stage of 
paddy fields. Given that C-band backscatter is negatively correlated to 

Fig. 13. 3D-axes plots of f(D), f(W), and f(V) values for different crops and land covers during the rice growth period at site 1 (a) and sites 2 and 3 (b).  
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water depth (Kasischke et al., 2009), a higher percentile (e.g., 75th to 
95th) can ensure that the parameter w represents the backscatter of the 
flooded stage of rice paddies. 

The validity of recommended percentiles was verified in an extra site 
(111◦27′36′′-111◦34′48′′E, 28◦58′12′′-29◦4′12”N) in Taoyuan county, 
Hunan Province, China, which has flat terrain. Single-season rice 

(middle rice) and double-season rice (early and late rice) are grown in 
this site. The middle rice is transplanted at the late May and harvested at 
the late August, while the early and late rice are transplanted at the late 
April and late July respectively. We collected 123 samples containing 
the single-season rice, double-season rice and non-rice land cover 
through field work. All mapping procedures are consistent with other 

Fig. 14. The histograms of SPRI value, local minimum backscattering intensity during transplanting stage, dynamic backscatter range and transplanting date 
detected from rice (green bar) and non-rice (purple bar) validation samples for site 1 (a), site 2 (b), site 3 (c), and site 4 & 5 (d). (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.) 
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five sites. The algorithm parameters used for Taoyuan site are consistent 
with those of the American sites because all of them are flat areas. The 
mapping results and accuracy assessment are shown in Fig. 18 and 
Table 6. The SPRI method also performed well for separating rice and 
non-rice fields in Taoyuan county, with the overall accuracy 0.92, 
implying that the strategy of determining v and w percentile based on 
terrain conditions is effective. 

Lastly, the determination of a threshold for separating rice and non- 
rice covers from SPRI is relatively easy because SPRI effectively 
balanced between the commission error and omission error and elimi
nated the site difference. The receiver operating characteristic (ROC) 
curve as shown in Fig. 19 (a) proved that our proposed index is insen
sitive to the site differences, with the Area under the Curve of ROC (AUC 
ROC) ranging from 0.92 to 0.98, which demonstrates the good separa
bility for rice and non-rice (Bradley, 1997). Therefore, the binary- 
classification threshold for mapping rice fields from SPRI which is the 

only empirical parameter in the proposed method is easy to determine. 
This threshold can be determined based on the user demand, depending 
on whether the user is more concerned about omission error or com
mission error. In general, the UA increases with the threshold, while the 
PA drops with the threshold. Our result at five sites suggested that any 
value in the range of 0.5–0.7 can produce a satisfying rice map by 
balancing the UA and PA (Fig. 19 (b)). We also suggest two alternative 
ways to determine the threshold. First, users can use any supervised 
classifiers, such as SVM and MLC, to classify SPRI image if they have 
collected some ground samples. Second, unsupervised classifiers, such 
as K-means and ISODATA, can be used to divide SPRI images into two 
classes. 

6.3. Applicable conditions and limitations 

First, the proposed method does not need dense cloud-free Sentinel-2 
images which makes it very helpful to map paddy rice in cloudy regions, 
but it requires at least one cloud-free Sentinel-2 image as auxiliary data 
to obtain cropland objects by segmentation and help determine the 
parameter values. However, this requirement can be lifted for extreme 
cases when no cloud-free Sentinel-2 images exist. In such a case, any 
land cover products can be used to determine the cropland objects and 
the adaptive parameters. Furthermore, SAR time series is an alternative 
to conduct image segmentations, which is also used by previous studies 
(Qi et al., 2012; Wang et al., 2018; Zhang et al., 2021). 

Second, the proposed method does not require the ground truth 
sample. Data-driven methods (e.g., deep learning) can extract infor
mative features from input data and produce promising results, which 
are important for agriculture management and precise agriculture. 
However, the requirement of training samples challenges the trans
ferability of deep learning-based methods. For instance, the compared 
deep learning method proposed by Yang et al. (2022) received satisfied 
results in sites 1–3 where there are abundant training samples from CDL 
datasets, but the mapping accuracy decreased a lot in two Chinese sites 
because of the lack of ground samples to tune the model. Therefore, our 
work aims to map paddy rice from a different way, i.e., an index without 
ground samples, which could be valuable supplementary to the family of 
paddy rice mapping methods. The performance of SPRI in rice mapping 
can also be improved if samples over the new site are available, since 
they can help determine the threshold for separating rice and non-rice 
covers. 

Third, the proposed method is capable of mapping rice fields and rice 
cropping intensities in regions where single-season rice and double- 

Fig. 15. Comparison of the rice mapping accuracy (F1 score) between the 
proposed method using local adaptive parameters and the unified parameter for 
all sites. 

Fig. 16. Comparison of the rice mapping accuracy (F1 score) between the proposed method using parameters obtained from the local site (highlighted by orange 
rectangular) and from 2-degree site (the whole region). 
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season rice concurrently exist (see Fig. 18(b)). SPRI received satisfactory 
overall accuracy of 0.86 for mapping the single-season and double- 
season rice in Taoyuan County (Table 6). Previous studies demon
strated that the late rice also exhibited the similar “V”-shape pattern 
with the early rice during the growth period (Zhan et al., 2021). Such 
“V”-shape pattern also implies that the late rice has the similar back
scattering mechanism during the growth period (Fig. 18 (d)). Since our 
proposed SPRI method considers the backscattering dynamic charac
teristics of rice growth, the algorithm is theoretically applicable in re
gions where double rice is grown. However, the omission error of double 
rice mapping was higher than that of single rice mapping. The possible 
reason is that the inundation period of late rice is shorter than that of 
early and middle rice, so the inundation period of late rice may not be 
observed from the SAR images with a 12-day revisit cycle. To tackle this 
problem, increasing the frequency of observations to capture the inun
dation period of late rice by combining the same or different orbit data is 
a possible solution. Our proposed method may also misclassify little 
amount of water-intensive crop parcels as rice (e.g., commission errors 
caused by soybean and fallow land in sites 2–3) when the similar “V”- 
shape pattern exists during their growth period. Additional knowledge 
such as the planting date and length of growth may further alleviate this 
problem. In addition, in the northern region where the snow and ice 
melting in Spring can greatly decrease the SAR backscatters, we suggest 
applying our proposed method to the SAR time series from the season 
without snow and ice melting, which is long enough to cover a paddy 
rice cycle. 

7. Conclusion 

In this study, we designed a new SAR-based paddy rice mapping 
index, called SPRI, to distinguish the rice field from other land cover 
types and crops based on Sentinel-1 time series data. Sentinel-2 images 
were used as axillary data to estimate the parameters in SPRI. We tested 
its capacity and robustness in five sites that are different in climate, 
terrain and cropping regimes and compared its performance with three 
existing methods. Results show that the SPRI was able to provide an 
accurate classification map with an overall accuracy of over 88% and an 
F1 score of over 0.86 at all sites, which is better than the existing 
methods. The proposed SPRI based rice mapping method has several 
advantages: (1) it does not need any prior knowledge (e.g., phenology 
information) or reference samples; (2) it does not have many predefined 
parameters; (3) it normalizes site differences to a large extent; and (4) it 
can balance the commission and omission errors. Therefore, the pro
posed method has high flexibility and applicability to support paddy rice 
mapping in large areas, especially for cloudy regions where optical 
remote sensing data are limited. 
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Fig. 18. Rice mapping in the Taoyuan site: backscattering intensity of VH band at the inundation period of late rice (a), objected-based rice cropping intensity map 
derived from SPRI (b), the true-color composite of Sentinel-2 image (c), and example of the temporal pattern of double-season rice during the whole year (d). 

Table 6 
Confusion matrix of rice mapping result for Taoyuan site.   

Reference 

Single rice Double rice Non-rice 

Mapping result Single rice 25 6 2 
Double rice 0 29 0 
Non-rice 4 4 53  

Fig. 19. ROC curve for all sites (a) and sensitivity analysis of SPRI binary-classification threshold for all sites (b).  
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