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Abstract: In tropical/subtropical monsoon regions, accurate rice mapping is hampered by the
following factors: (1) The frequent occurrence of clouds in such areas during the rice-growing
season interferes strongly with optical remote sensing observations; (2) The agro-landscape in such
regions is fragmented and scattered. Rice maps produced using low spatial resolution data cannot
well delineate the detailed distribution of rice, while pixel-based mapping using medium and high
resolutions has significant salt-and-pepper noise. (3) The cropping system is complex, and rice has
a rotation schedule with other crops. Therefore, the Phenology-, Object- and Double Source-based
(PODS) paddy rice mapping algorithm is implemented, which consists of three steps: (1) object
extraction from multi-temporal 10-m Sentinel-2 images where the extracted objects (fields) are the
basic classification units; (2) specifying the phenological stage of transplanting from Savitzky–Golay
filtered enhanced vegetation index (EVI) time series using the PhenoRice algorithm; and (3) the
identification of rice objects based on flood signal detection from time-series microwave and optical
signals of the Sentinel-1/2. This study evaluated the potential of the combined use of the Sentinel-1/2
mission on paddy rice mapping in monsoon regions with the Hangzhou-Jiaxin-Huzhou (HJH) plain
in China as the case study. A cloud computing approach was used to process the available Sentinel-
1/2 imagery from 2019 and MODIS images from 2018 to 2020 in the HJH plain on the Google Earth
Engine (GEE) platform. An accuracy assessment showed that the resultant object-based paddy rice
map has a high accuracy with a producer (user) accuracy of 0.937 (0.926). The resultant 10-m paddy
rice map is expected to provide unprecedented detail, spatial distribution, and landscape patterns for
paddy rice fields in monsoon regions.

Keywords: paddy rice; object-based; Google Earth Engine; Sentinel-1/2; monsoon region

1. Introduction

Rice feeds more than half of the global human population [1] with more than 90%
of rice production being in Asia [2]. Moreover, the International Food Policy Research
Institute suggests that the demand for rice increases by 1.8% per year. Therefore, obtaining
information on the rice location and distribution is important for food security and water
use. Field survey-based agricultural statistical methods, which is the conventional approach
to determine rice planting areas, is time- and labor-intensive. Tabular data obtained
from this method lacks explicit spatial distribution information, and the data may be
altered in regions where agriculture subsidies are provided. In contrast, remote sensing
methods are an efficient and reliable approach to obtain spatially explicit and objective
data. The main data sources are optical and synthetic aperture radar (SAR). Optical data
provide spectral information of the surface and reflects the biochemical characteristics
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of objects. However, the nature of passive imaging and its short wavelength means
it is easily affected by atmospheric factors, such as clouds and cloud shadows. SAR
data provide backscattering information in different polarizations for surface objects and
captures their physical characteristics, such as spatial structure and dielectric properties.
The nature of active imaging and its long wavelength has all-weather and day-and-night
observation capabilities.

Dong and Xiao [3] reviewed the evolution of remote sensing methods for paddy
rice mapping from the 1980s through 2015, in which the approaches were divided into
four categories: (1) reflectance data and image statistics; (2) vegetation indices (VIs) and
enhanced image statistics; (3) VI or radar backscatter-based temporal analysis; and (4)
phenology through remote sensing recognition of key growth phases. The first and second
categories use supervised or unsupervised algorithms, such as the maximum likelihood
classifier, random forest, and support vector machine, which involve human intervention
in sample collection or cluster labeling to build the models. The feasibility of such image-
and statistics-based approaches has been limited to specific regions or periods due to the
inherent spectral variability, which makes it difficult to perform large-scale monitoring
of crop information over multiple years [4]. An example of the third category is rice
cropping system maps as produced by Gumma [5] for South Asia. This method has
generated accurate maps over wide areas, but its application to other regions would
involve an additional round of time-consuming operator analysis and decision making for
the classification, grouping, and labeling phases.

The fourth approach defines a series of detection criteria based on the well-known
temporal characteristics of rice cultivation. One of the most cited methods for rice detection
in the fourth approach was proposed using the Spot Vegetation (VGT) data [6] and later
MODIS data [7] to map rice flooding and rice cultivated areas in China and South and
Southeast Asia [8]. This method is based on the detection of agronomic (i.e., deliberate)
flooding of rice fields before the crop is established and its subsequent rapid growth within
a fixed time after flooding. As these two characteristics are common to many rice cultiva-
tion practices (with the exceptions of upland rice, deepwater rice, dry direct-seeded rice,
and other relatively minor rice ecosystems or rice management practices), this approach
has the potential for operational monitoring of rice-cultivated areas at regional scales.
However, demonstrations of this method have revealed that false positives can occur when
applied in ecosystems different from those where it was originally developed [9] or when
external knowledge of the local crop calendar and agro-practices are not considered [10].
In temperate regions where the temperature is the primary factor limiting rice growth, a
signal detection time window during the transplanting phase of rice can be determined
from the time-series temperature data to filter false signals from outside the window [11].
Apart from temperature constraints, the choice of when to establish a crop is driven by
several other factors, such as water availability in water-limited environments, temporal
variability in water salinity, risk of submergence, or combinations therein [12]. Therefore,
it is possible to map the potential growing season for rice based on climatic suitability
parameters. However, in South, Southeast, and East Asia, where 90% of the world’s rice is
produced, the subtropical and tropical temperatures, the abundance of water during the
monsoon season, and the increasing reliance on irrigation in the dry season have allowed
rice to be grown at nearly any time of year across the region [13].

The MODIS satellite is characterized by its hyper-temporal resolution and has become
the primary data source for vegetation phenology retrieval. Several algorithms have been
proposed based on this system. For example, Sakamoto et al. [14,15] used wavelet analysis
to extract seasonality information from multi-temporal MODIS imagery for rice crops in
Japan and along the Mekong delta. Nguyen et al. [16] and Asilo et al. [17] used labeling and
grouping of unsupervised classifications with VGT data in the Mekong delta and MODIS
data in the Philippines, respectively, to generate rice crop calendars. Tornos et al. [18]
studied the temporal characteristics of rice cropping systems in Spain and demonstrated
that time-series data of vegetation indices can help analyze changes in flooding periods
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(hydroperiod). Boschetti [19] presented a rule-based algorithm called PhenoRice for the
automated extraction of temporal information on rice crops using MODIS data. PhenoRice
has been applied extensively in research [4,20], and the results showed that this could
effectively estimate temporal information.

In addition to complex cropping systems, many regions in South and Southeast Asia
are characterized as fragmented landscapes due to their complex terrain and frequent cloud
coverage during the rice-growing season as induced by monsoons. Current applications
of such phenology-based approaches generally use coarse-resolution MODIS data, which
involves mixed pixel issues in Asia where smallholders constitute the majority of paddy
rice agriculture [3]. For fragmented agro-landscapes, low-resolution satellite imagery
may significantly over-estimate or under-estimate cropland areas [21]. The free release of
Landsat archival data and the launch of Landsat 8 and Sentinel-2 provide unprecedented
opportunities to map paddy rice in fragmented landscapes with a higher spatial resolution;
however, the salt-and-pepper effect from the enhanced spatial resolution is another issue
in pixel-based classification. Classifying crops on a per-field (object-based) approach is
known to produce better results than per-pixel methods.

Several remote sensing approaches to determine the extent of cropland have been
explored. It has been proved that the use of multi-temporal images with higher spatial
resolution generally achieves better performance compared with the use of mono-temporal
images or images of lower resolution [22,23]. Watkins [24] evaluated several Earth observa-
tion methodologies to automatically delineate crop field boundaries from multi-temporal
Sentinel-2 imagery, which uses edge detection as applied to multiple images acquired
during the growing season along with image segmentation to delimit agricultural fields,
orchards, and vineyards. A promising result was achieved by applying the Canny edge de-
tector to multiple Sentinel-2 images [24]. However, the usage of multi-temporal high spatial
resolution data causes an explosive increase in data volume, meaning the size of study area
is limited by data storage and processing capability of the local general-purpose computer.

Due to frequent cloud coverage, SAR-based images have gained increasing attention
recently as they are not affected by clouds or illumination conditions. The SAR backscatter
mechanism for fields changes from surface reflection to specular reflection as indicated
by a rapid decrease in the backscatter coefficient when regions are flooded due to natural
or agro-practice flooding. Therefore, extensive research has been conducted on mapping
the extent of paddy rice [25,26] or flooded regions [27] using this fact. In recent studies,
effectively combining optical and microwave data has become a research hotspot as this can
often provide higher precision than single data sources. Data availability has been greatly
improved by the implementation of the Copernicus Programme, which is an Earth observa-
tion initiative that provides unprecedented levels of observational capabilities through the
operation of recently launched satellites (called Sentinels). The Sentinel-1 data are part of
the first global open-access SAR dataset, and the Sentinel-2 constellation provides a signifi-
cant increase in the observational capacity compared with other satellites, such as Landsat,
due to its large number (13) of spectral bands, high (10–60 m) spatial resolutions, and short
(five-day) revisit times. The objectives of this research are to develop a paddy rice mapping
algorithm that exploits the great Earth observation capability offered by Sentinel-1/2 based
on the temporal characteristics of paddy rice fields. The algorithm (i) accommodates
fragmentation of agro-landscapes, (ii) achieves good performance in regions frequently
covered by clouds, and (iii) deals with complex cropping systems. Some improvements
are made on Dong’s pixel- and phenology-based rice mapping algorithm [11]: for rice
phenology, MODIS temperature time series is substituted by MODIS vegetation index
time series, to which PhenoRice algorithm [19] is applied; for object-based classification,
an edge-based image segmentation algorithm is applied to multiple-temporal Sentinel-2
images to extract objects (fields) [20]. The improved algorithm is named the Phenology-,
Object-, and Double Source-based algorithm (PODS).
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2. Study Area and Datasets
2.1. Study Area

The Hangzhou–Jiaxing–Huzhou (HJH) Plain, or Hangjiahu Plain, is the largest plain
in Zhejiang province, China and is an integral part of the Yangtze Delta. It comprises
an area of 7620 km2 (2940 sq. mi.) and is bound by Lake Tai to the north, the Qiantang
River/Hangzhou Bay to the south, and the Tianmu Mountains to the west. It includes
all of the prefecture-level city of Jiaxing, most of Huzhou, and the northeastern part of
Hangzhou. It has a humid subtropical climate (Köppen Cfa) that is influenced by East
Asian monsoons with cool winters and very hot and humid summers. The topography is
generally low-lying and flat at around a 3-m elevation, though it is slightly higher to the
south and east with lower slopes towards Lake Tai. Its river and canal network, including
the Grand Canal, is 12.7 km per km2 (20.4 mi per sq. mi.), which is the densest area
in China.

The HJH Plain is the primary rice production region in Zhejiang province, which
belongs to the single cropping japonica rice area [28]. The growing period with tempera-
tures above 10 ◦C was 217–222 d, and the cumulative temperature was 4772–4960 ◦C. The
rice-growing season is roughly between May and October, and the annual precipitation is
734.3–905.0 mm. The rice area accounts for 28.1% of all rice planting in Zhejiang province.
The region is dominated by single cropping rice, accounting for 90.4% of all rice, while the
areas of early and late rice account for 1.7% and 7.9%, respectively.

2.2. Dataset and Preprocessing

This paper uses the microwave data acquired by Sentinel-1 and the optical data
acquired by Sentinel-2 (properties summarized in Table 1). The Sentinel-1 is the first
of the Copernicus Programme satellite constellations launched by the European Space
Agency. Its mission is composed of a two-satellite constellation, Sentinel-1A and Sentinel-
1B, which share the same orbital plane. They carry C-band SAR instrumentation to provide
a collection of all-weather data both day and night. They operate in four acquisition
modes: interferometric wide-swath (IW), strip map, extra wide-swath, and wave. The
IW is the default acquisition mode over land. The Sentinel-2 is an Earth observation
mission from the Copernicus Programme that systematically acquires optical imagery at
high spatial resolutions (10–60 m) over land and coastal waters. The mission is a twin-
satellite constellation, Sentinel-2A and Sentinel-2B, to achieve a revisit time of five days.
The orbit is sun-synchronous at a 786-km altitude with 14.3 revolutions per day and a 10:30
a.m. descending node local overpass time. In this study, only VH polarization of the IW
ground-range-detected (GRD) Sentinel-1A imagery was used because this is more sensitive
to flooding signals than VV polarization [21]. The year of interest was 2019.

Table 1. Sentinel-1/2 data properties.

Sentinel-1 Sentinel-2

Frequency/Wavelength 5.405 GHz/5.5 cm -
Polarization/Band VH 13 spectral bands

Spatial Resolution (m) 10 10, 20, 60
Temporal Resolution (d) 6 5

Incidence Angle 20–47◦ -
Mode/Format IW_GRD Level-1C

Time Span 1 January 2019 to 1 January 2020

The images obtained from the Sentinel-1 in the Google Earth Engine (GEE) were
preprocessed using the Sentinel-1 toolbox. The preprocessing steps are: (1) thermal noise
removal, (2) radiometric calibration, (3) terrain correction using SRTM 30 or ASTER DEM
for areas greater than 60◦ latitude when the SRTM is unavailable, and (4) final terrain-
corrected value conversion to decibels using log scaling [10*log10(x)]. The Sentinel-2
images were atmospherically corrected using the sen2cor program. The three quality
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assessment (QA) bands present in the Sentinel-2 images were used to indicate the presence
of clouds.

The MGRS with 10 km grids were used to split each Level-1C Sentinel-2 tile (100 km
× 100 km) into one hundred grids. The cloud-free Sentinel-2 grids with cloudy pixel
percentages less than 5% were selected. By splitting the original tile into smaller grids,
more observations on the grid basis can be preserved compared with that on the tile basis.
For example, one tile with a cloudy pixel percentage of 50% will be discarded in traditional
usable image selection, which is in the unit of an image, but there may be several clear grids
with cloudy pixel percentages less than 5% in this image. Though selecting observations on
a pixel basis can preserve even more observations, voids due to cloud coverage in images
will cause trouble for edge detection. The usage of grids is the trade-off between preserving
more observations and suitability for edge detection.

The distribution of clear grids counts in 2019 over the study area is shown in Figure 1.

Remote Sens. 2021, 13, x FOR PEER REVIEW 5 of 21 
 

 

images were atmospherically corrected using the sen2cor program. The three quality as-
sessment (QA) bands present in the Sentinel-2 images were used to indicate the presence 
of clouds. 

The MGRS with 10 km grids were used to split each Level-1C Sentinel-2 tile (100 km 
× 100 km) into one hundred grids. The cloud-free Sentinel-2 grids with cloudy pixel per-
centages less than 5% were selected. By splitting the original tile into smaller grids, more 
observations on the grid basis can be preserved compared with that on the tile basis. For 
example, one tile with a cloudy pixel percentage of 50% will be discarded in traditional 
usable image selection, which is in the unit of an image, but there may be several clear 
grids with cloudy pixel percentages less than 5% in this image. Though selecting observa-
tions on a pixel basis can preserve even more observations, voids due to cloud coverage 
in images will cause trouble for edge detection. The usage of grids is the trade-off between 
preserving more observations and suitability for edge detection. 

The distribution of clear grids counts in 2019 over the study area is shown in Figure 
1. 

 
Figure 1. The lower-left map indicates the location of the study area in a coordinate reference sys-
tem of WGS 84 UTM zone 51, overlaid with the Military Grid Reference System (MGRS) 10-km 
grids, the colors of which indicate the number of clear images with cloud pixel percentage less 
than 5% from Sentinel-2 in 2019. 

Besides the Sentinel-1/2 datasets, other datasets used in our study include the 250-m 
8-day composite vegetation index products (MOD13Q1 [29] and MYD13Q1 [30]) and land 
cover-type product (MCD12Q1 [31]) as well as auxiliary data for validation, including 
VHR images from Google Earth, cadastral data, geo-referenced filed photos, points of in-
terest (POIs), and street views. The cadastral data provided by Bureau of Land Manage-
ment in Jiashan County, containing information such as plot boundaries, land use type 
and ownership, is used to validate segmentation and classification. Field photos were ac-
quired from the crowd-sourced field photo library of the University of Oklahoma 
(http://www.eomf.ou.edu/photos/ (accessed on 1 March 2021)), and the street views and 
paddy fields related POIs were collected from the Baidu Map (https://map.baidu.com/ 
(accessed on 1 March 2021)). 

  

Figure 1. The lower-left map indicates the location of the study area in a coordinate reference system of WGS 84 UTM zone
51, overlaid with the Military Grid Reference System (MGRS) 10-km grids, the colors of which indicate the number of clear
images with cloud pixel percentage less than 5% from Sentinel-2 in 2019.

Besides the Sentinel-1/2 datasets, other datasets used in our study include the 250-m
8-day composite vegetation index products (MOD13Q1 [29] and MYD13Q1 [30]) and land
cover-type product (MCD12Q1 [31]) as well as auxiliary data for validation, including VHR
images from Google Earth, cadastral data, geo-referenced filed photos, points of interest
(POIs), and street views. The cadastral data provided by Bureau of Land Management
in Jiashan County, containing information such as plot boundaries, land use type and
ownership, is used to validate segmentation and classification. Field photos were acquired
from the crowd-sourced field photo library of the University of Oklahoma (http://www.
eomf.ou.edu/photos/ (accessed on 1 March 2021)), and the street views and paddy fields
related POIs were collected from the Baidu Map (https://map.baidu.com/ (accessed on 1
March 2021)).

3. Methodology

The PODS algorithm includes four modules (see Figure 2) defined as:

http://www.eomf.ou.edu/photos/
http://www.eomf.ou.edu/photos/
https://map.baidu.com/
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1. Extract objects from multi-temporal 10-m Sentinel-2 images. The objects are the units
used for classification.

2. Estimate the time window from the time-series vegetation indices using the PhenoRice
algorithm. The time window will be used for classification.

3. Object-based flood signal detection using Sentinel-1/2, using objects and time window
generated in modules 1 and 2.

4. Validation of generated rice map.

The following subsections expand each of these modules.
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Figure 2. Schematic diagram of the processing chain for the proposed algorithm. The first three modules are implemented
in GEE while the fourth module, validation, is implemented on a local computer.

3.1. Object Extraction

Pixel-based classification is commonly adopted when moderate-to-coarse resolution
data is used but rarely adopted when finer resolution data is used due to the salt-and-
pepper effect resulting from increased pixel heterogeneity. To alleviate such effect, super-
pixel or object-based classification can be adopted [32–35], in which basic classification
units approximate parcels or fields.

Finding edges of a field using single-date imagery is challenging when different crop
types have similar spectral and structural properties at certain stages of their phenological
growth cycle. This challenge is compounded when a single crop is grown on adjacent
fields. Therefore, it is necessary to use multiple images throughout the year to accurately
detect spatial transitions (edges) between different crop types as well as crops of the same
type. Edges in imagery can be defined as a sharp change or discontinuity in the gray-
scale values. Various edge detectors have been proposed, such as Sobel, Prewitt, Robert,
Scharr, and Canny, to generate the edge layer, which can be described as a gray-scale
image that represents object edges. High gray values indicate a sharp discontinuity with
adjacent pixels. The Canny operator was used in this study due to its superior performance
compared with other edge detection algorithms [24]. We applied the Canny edge operator
to image grids from Section 2.2 to extract the edge layers (Figure 3).
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Single edge layers have false edges as caused by noise and true edges from fields. A
simple equal weight summation of the edge layers was used to combine the images into
single, composite, multi-temporal edge images where false edges were faded and true
edges were strengthened (Figure 3). The aggregate gradient edge images were divided
into edge pixels and non-edge pixels using a threshold. Edge pixels have greater values
than the threshold while non-edge pixels have lesser values. As the number of images
used in each grid varies (see Figure 1), the thresholds for each grid can change. Generally,
a greater number of superimposed images gives a higher threshold. The threshold is set
as the product of the image count and a factor, which is determined from trial-and-error
experiments. An appropriate factor should keep the integrity of individual plots (assuming
the plot grows the same crop) while dividing different plots. A higher (lower) factor causes
over- (under)-segmentation. Figure 4 showcases the procedure of multi-temporal edge
detection analysis. The edge layer for each date (Figure 4 column b) is the equal-weight
aggregation of four edge layers generated from the red, green, blue, and NIR bands. This
example qualitatively illustrates how multi-temporal composites of edge layers capture
and accentuate persistent field boundaries. Some faint field boundaries (low intensities) on
specific dates become more pronounced as images from various dates are combined.

Edge pixels are excluded from subsequent operations and non-edge pixels are retained.
These non-edge pixels come from different classes, such as forests, wetlands, built-up areas,
and cropland.
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Although flooding signals in paddy rice transplanting periods give unique character-
istics for paddy rice, flooding signals from other land cover types could also exist during
the paddy rice transplanting phase, which mainly includes water bodies (e.g., rivers and
lakes) and natural wetlands. In addition, some noise could be caused by miscellaneous
non-cropland covers, such as natural vegetation and built-up lands due to some unex-
pected weather effects. The generation of these non-cropland masks helps reduce sporadic
commission errors in the resultant paddy rice maps [11]. We generated several masks by
refining the rules used in a previous study [11]. These masks, including sparse and natural
vegetation masks, forest masks, as well as slope land masks, were all excluded to minimize
commission errors—for example, pixels whose annual maximum vegetation index value
is less than 0.3 can be considered as sparse vegetation. Forest and slope land mask are
generated from the Japan Aerospace Exploration Agency forest map [22] and Shuttle Radar
Topography Mission (SRTM) elevation map [23], respectively.

The unmasked non-edge pixels were clustered into objects based on the four-neighbor
connectedness rule. The morphologic operation of closing was then performed to fill
holes and smooth boundaries using a 3 × 3 pixel crossing kernel. Figure 5 shows how the
workflow is applied to extract objects in a case site.
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3.2. Time Window Retrieval

When to establish rice depends on genetic, environmental, and management fac-
tors [19]. Environment related factors (e.g., temperature [11]) can be used to retrieve rice
phenology only if they are the primary limitation for rice planting, which is not the case
in the HJH plain. Several researchers used the crop calendar provided by meteorological
stations or agricultural observation stations [24,25]. However, these approaches may fail in
undeveloped countries where stations are not available and the local agricultural ministry
cannot provide a reliable crop calendar. Remote sensing data provide reliable and robust
solutions to rice phenology retrieval [26–28].

The PhenoRice algorithm monitors information of primarily paddy rice areas, dates
for the establishment (Start Of Season, SOS) and flowering (Peak of Season, POS) periods,
and cropping intensity by analyzing the time series of individual pixels [19]. For each
MODIS pixel (except those excluded by the mask), PhenoRice determines if there is a high
probability of belonging to a rice area, estimating the rice crop establishment dates. The
EVI time series of each pixel is smoothed using the Savitzky–Golay two-iteration method
to reduce noise from cloud contamination or various acquisition angles. The smoothing
method assigns weights to the EVI values based on the estimated data quality [13] using
information contained in the Pixel Reliability, Usefulness Index, and blue reflectance. The
resulting smoothed time series is adapted to the upper envelope of the original curve
because those noises have negative biases on original values generally. The smoothed
EVI signal is analyzed to identify all local minima and maxima within the time series.
Following Manfron et al. [10], these minima and maxima are analyzed based on agronomic
criteria (e.g., occurrence of flood event in transplanting phase, the duration from SOS to
POS) to determine the presence of a “rice-cycle signal” in the time series. Pixels that meet
these criteria are labeled as rice, and their rice crop establishment and flowering dates are
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estimated. A more detailed description of the PhenoRice algorithm and its performance can
be found in [19]. The EVI [29] and normalized flood index (NDFI) used in PhenoRice [19]
are calculated as:

EVI = 2.5× ρNIR − ρRed
ρNIR + 6× ρRed − 7.5× ρBlue + 1

(1)

NDFI =
ρRed − ρSWIR
ρRed + ρSWIR

(2)

For the exemplar plot (latitude: 30.644440◦ N, longitude: 120.804088◦ E), the SOS date
determined with the PhenoRice algorithm is the 46th observation in the required time series.
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Figure 6 shows the exemplar plots of the PhenoRice estimates for the rice phenological
dates (SOS and POS are inflection points in the fitted EVI curve, shown as the orange
dotted lines) based on the temporal patterns of the NDFI and the smoothed/raw EVI
for different cropping systems for a case pixel. According to temporal profiles of indices
over random pixels and local knowledge on cultivation practice, the time window for
the flood signal detection is set as the period that starts 10 days before the SOS and ends
50 days after it. It is noted that, as a 250-m pixel often contains a variety of crops, its SOS is
determined by the dominant crop type. For example, the SOS of a pixel consisting of 10%
rice and 90% forest is the forest SOS (around March) instead of rice (around May). If the
time window generated by the forest SOS is used, the number of flood signals detected
using the methods in Section 3.3 will be significantly reduced. To ensure the identified
SOS is from rice instead of forests (or other crops), the phenology of the non-rice pixels is
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not estimated. The missing SOS of non-rice pixels is set as the SOS of adjacent rice pixels,
assuming that adjacent rice paddies have similar phenology. That is, the SOS of adjacent
rice pixels (May) is used as the SOS of the non-rice pixel. Therefore, the SOS for the small
number of paddy fields in the exemplar non-rice pixel can be correctly estimated.
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3.3. Flood Signal Detection

Flood signal detection is performed to identify paddy rice for individual objects in their
corresponding time windows. The flooding and rice transplanting signals are key features
that identify paddy rice fields as this is the only crop that needs to be transplanted in a
mixed water–soil environment [30]. The remote sensing recognition of transplanting signals
is crucial to identifying paddy rice. Previous studies have revealed that the relationship
between the LSWI and NDVI (or EVI) can effectively discriminate flooding/transplanting
signals [6]. We performed temporal profile analyses at random paddy rice sites in the study
region and found that all the paddy rice agriculture systems in the study area have flooding
and transplanting signals in the early growing season that can be captured using vegetation
indices. Here, we recognized flooding signals using the LSWI criteria as LSWI-min (EVI,
NDVI) > 0. Different from pixel-based classification [11,36], we calculate the signal in the
object unit as the mean value of pixels within each object.

Therefore, we detect the flooding and transplanting signals using vegetation indices
during the rice transplanting phase. Specifically, the following equation is used [6]:

Flood =

{
1 if LSWITi −min(EVITi, NDVITi) > 0
0 if LSWITi −min(EVITi, NDVITi) ≤ 0

(SOT < Ti < EOT) (3)

where Flood is the status of the flooding/transplanting, and the starting (SOT) and ending
(EOT) of the transplanting phase are as defined in Section 3.2, and Ti is the period when
the observations are acquired. The spectral indices of NDVI [31], LSWI [7], are calculated
using the following equations:

NDVI =
ρNIR − ρRed
ρNIR + ρRed

(4)

LSWI =
ρNIR − ρSWIR
ρNIR + ρSWIR

(5)

where ρBlue, ρRed, ρNIR, and ρSWIR are the surface reflectance values of the blue, red,
near-infrared, and shortwave-infrared bands from the Sentinel-2 sensor.

SAR data provide complementary observations to optical data, especially in the
monsoon season when clouds are prevalent [32–34]. The SAR backscattering coefficients
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for VH polarization over paddy rice fields decrease sharply when flooding occurs but
remain relatively stable over non-rice fields throughout the year [35]. A threshold for the
backscattering coefficient to divide flood and non-flood areas was successfully applied to
SAR data over various frequencies (Henry et al., 2006, Martinis et al., 2015, and Ohki et al.,
2016). We selected fifty rice objects and fifty non-rice objects which are evenly distributed
over the study area, calculated their minimum VH backscatter intensity during the time
window, and applied linear discriminant analysis (LDA) to separate rice and non-rice
objects using gamma-naught, which ultimately provides a threshold that separates the two
classes [37]. A separation line between two classes can be established and the threshold
can be obtained from the LDA with a threshold of −20.1 dB.

Paddy rice can be identified based on its unique flooding characteristics in the trans-
planting phase. However, variations in transplanting timing for different fields could bias
the associated information from one specific image or one image composite [11]. We used
a statistics-based approach to delineate the flooding signals by considering all flooding
signals during the transplanting phase. The sum of the flooding signals in a given time
window for each object (F) is calculated using Equation (6). The threshold for F to identify
rice objects is also determined using the LDA approach. Objects whose F value is greater
than or equal to 3 are classified as paddy rice.

F = ∑Signalflood (6)

Figure 7 shows the time-series optical and microwave signal from the Sentinel-2/1 over
an exemplar object (latitude: 30.6444◦ N, longitude: 120.8041◦ E). There are ten observations
acquired from the Sentinel-1 and twelve from the Sentinel-2 in the specified time window
based on the method described in Section 3.2. Six optical observations are obscured
by clouds, and four (fourth through the eighth) have positive flood signals because the
preceding and following observations (third and ninth) have significant positive flood
signals. This is illustrated in the time-series optical signal graph and corresponding images
in the first row. Meanwhile, eight of the ten Sentinel-1 observations have positive flood
signals with relatively low VH backscatter coefficients. Thus, integrating Sentinel-1 with
Sentinel-2 increases the sum of positive flood signals over the object from three to eleven.
It is noted that the ninth and twelfth observations from Sentinel-2 in the time window are
partially contaminated by clouds, but not flagged in QA bands.

3.4. Validation and Comparison

We used the stratified random sampling approach to acquire validation samples. First,
the MODIS land cover products [38] were used to partition the study area into several
strata (forest, grassland, wetland, cropland, built-up and barren land, and water body).
Second, random points were generated in each stratum, and we made areas of interest
(AOIs) as square buffers for the points (100-m × 100-m), as shown in Figure 8b. Third,
we checked each AOI with the VHR images and selected and labeled the relatively pure
land cover AOIs by referencing both the VHR images from Google Earth and auxiliary
information (if any). The AOIs without clear land cover information were excluded. For
AOIs with available auxiliary information, such as field photos, street views, or paddy
field POIs, the auxiliary information was used to better clarify land cover types. For AOIs
without any auxiliary information, the field shape, size, temporal evolution (using Google
Earth’s time machine), and vegetation index time series were considered to label the land
cover information. Finally, a total of 482 AOIs were generated to validate the resultant
paddy rice and non-paddy rice map, including forests (62 AOIs), grasslands (150), wetlands
(100), croplands (100), built-up and barren lands (70), and water bodies (50). A confusion
matrix for the paddy rice map was calculated to evaluate the accuracy of the results.
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Besides the validation, we also compared three pixel-based classification results ob-
tained from three different data sources (Landsat-8, Sentinel-2, and MODIS) along with
our object-based results in some randomly selected case regions. The comparison checks
the intensity of salt-and-pepper effects that result from data of different spatial resolutions,
as well as the advantages of object-based classification over pixel-based approaches to
alleviate such effects when moderately high-resolution data are used. For the pixel-based
classification, the random forest algorithm [39] available in GEE platform is used, whose
number of tree is set as 500 and other parameters as the default. It is often used as a
benchmark algorithm because good accuracy could be achieved with a limited number of
training samples and default parameter settings [40].
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4. Results and Validation
4.1. Field Boundary Delineation

Field boundary delineation has a great impact on further analysis. Two main causes
of poor image segmentation are over-segmentation and under-segmentation. The cadastral
data provided by land administration in Jiashan County is used as the reference boundary
dataset to validate our field boundary delineation. A confusion matrix consisted of 10,000
samples, with 5000 edge samples selected randomly within 10 m of reference boundaries
and 5000 non-edge samples randomly selected more than 10 m away from the reference
boundaries. Accuracy metrics calculated from the confusion matrix are commission error
(CE), omission error (OE), Kappa coefficient, and overall accuracy (OA). The OE indicates
how well the extracted edges are in line with reference edge, and a high OE means under-
segmentation. The CE measures false edges within fields, and a high OE means over-
segmentation. Besides metrics obtained from the confusion matrix, the intersection over
union (IoU) score is also used. IoU is a metric to quantify the percentage of overlap between
the reference fields and our extracted fields (prediction), which is calculated as:

IoU =
reference∩ prediction
reference∪ prediction

http://www.eomf.ou.edu/photos/
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Accuracy metrics in Table 2 shows that the field boundary delineation achieves satis-
fying OA (0.898). The CE and OE are acceptable. Detailed inspections on the prediction
results reveal that substantial OEs occur in edges between fields planted with the same
crops with similar crop progress, and some CEs are contributed by linear features within
the same fields (e.g., irrigation canals and ditches) which are not recorded in cadastral
data. As such under-segmentation (the merge of rice fields with similar crop progress)
and over-segmentation (caused by irrigation system) will not significantly obscure rice
recognition, those fields in reference fields are correspondingly merged and split before
calculating IoU score. The IoU score calculated using around four hundred randomly
sampled reference fields is 0.718.

Table 2. Accuracy metrics for field boundary delineation.

Metric Value

CE 0.116
OE 0.084
OA 0.898

Kappa 0.796
IoU score 0.718

4.2. Pattern of Paddy Rice Transplanting Phase

The paddy rice transplanting phase changes over different geographical regions
due to various rice genes, environments, and managements. Figure 9 shows the spatial
distribution of the SOS.
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4.3. Validation and Comparision of Results

Validation based on VHR images, field photos, paddy field POIs, street views, backscat-
ter coefficients, and VI time profiles indicate that the produced paddy rice map in 2019 from
the HJH plain had an overall accuracy of 95.4%. The paddy rice category had a producer
accuracy (PA) and user accuracy (UA) of 93.7% and 92.6%, respectively. The comparison
between three pixel-based paddy rice maps from MODIS, Landsat-8, Sentinel-2, and our
PODS-derived paddy rice map showed that all products had a high spatial consistency
in the HJH Plain (Figure 10). The Landsat 8-based results had the second highest amount
of details, but the Sentinel-2-based results had the most details, excluding roads between
paddy rice fields. However, the pixel-based Sentinel-2 rice map suffered from the salt-and-
pepper effect across the region, especially in built-up areas, because building shadows
were often misclassified as paddy fields due to their spectral similarity, which leads to
noteworthy commission errors. Their accuracy assessment metrics are in Table 3.
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Table 3. Accuracy assessment of three pixel-based results from MODIS, Landsat-8 and Sentinel-2,
and the object-oriented result generated by PODS.

MODIS Landsat Sentinel-2 PODS

OA 0.869 0.880 0.921 0.954
PA 0.807 0.776 0.907 0.937
UA 0.802 0.850 0.864 0.925

Kappa 0.707 0.724 0.825 0.897
F1 0.805 0.812 0.885 0.931
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5. Discussion

The phenology- and pixel-based paddy rice mapping algorithm [11] based on flood
signal detection is well developed and has been successfully applied to MODIS and Landsat
data to produce regional and national rice maps. However, its application to Sentinel-2
data, which has 10-m bands, likely causes a severe salt-and-pepper effect. In addition,
algorithms to exploit optical data are not robust when applied to monsoon regions where
cloud cover is frequent. The PODS algorithm proposed in our study has three advantages:
an object-based classification that uses fields as the basic classification unit to reduce the salt-
and-pepper effect; integrating microwave data with optical data to obtain as many positive
flood signals as possible in cloudy and rainy regions; and using the PhenoRice algorithm
to estimate the transplanting date to address uncertainty in the critical transplanting phase
in subtropical/tropical regions. The performance of the PODS algorithm depends on three
modules: object extraction, transplanting date estimation, and flood signal detection.

5.1. Object Extraction

Several object-based classification studies use field boundary information obtained
from either high-resolution (meter-scale) commercial satellites or local agricultural admin-
istrations [41]. However, the cost of commercial data is high and the accessibility of official
cadastral data is low. Sentinel-2 satellites, while only having a spatial resolution of 10 m,
are not as fine as commercial satellites. However, high temporal resolutions (5–7 d) make
up for the limitations of spatial resolution. The fields identified from super-imposed multi-
temporal edge layers are promising from our study. The advantage of this approach is that
the open and free access to Sentinel-2 data enables scaling of study areas. The past several
years have witnessed an increasing number of object-based rice classification researches
using Sentinel data [42–44]. Among them, the commercial software eCognition [45], pro-
viding a number of sophisticated image segmentation algorithms, is often used. However,
the fact that it runs on a local computer makes it less suitable to adopt the multi-temporal
images approach, since the volume of multi-temporal high-resolution images will over-
whelm the PC, especially in the case of a large study region. In contrast, the GEE platform,
providing both on-shelf data and computational resources, is more suitable to adopt a
multi-temporal images segmentation approach. A multi-temporal image approach solves
a primary defect of edge-based image segmentation algorithm, that is, edges between
fields can sometimes be weak and false edges within fields may exist in a single image.
Besides an edge-based image segmentation approach, there are a few region-based image
segmentation approaches on the GEE platform, such as Simple Non-Iterative Clustering
(SNIC, [46]). Some researchers have compared edge-based and region-based approaches
in recognition of agricultural fields and concluded that the edge-based approach is better
because it takes advantage of key characteristics of the agricultural landscape (e.g., ridges
or roads surrounding fields) [20].

5.2. Transplanting Phase Determination

MODIS data have been used in several case studies to retrieve rice phenology on a
large scale [11,19,47], which has explicitly spatial information and finer resolution than
the agricultural phenological calendar released by the agricultural administration, which
is usually at the state-level or province-level. In the HJH plain, the 500 m resolution
has been able to reflect the general trend of phenology: the difference between distant
pixels may be more than 40 days while the difference between adjacent pixels is small.
To accommodate potential field variation within the same pixel, a wide time window
is adopted at the expense of introducing false signals. Finer resolution of phenological
information can narrow the time window, which requires the use of medium resolution
satellites, such as Landsat or Sentinel-1/2. Although revisit cycles can be shortened by
combining multiple satellites [27]—for example, 5–7 d for Sentinel-2 twins. However, such
observation frequency still cannot guarantee a smooth vegetation index time series to be
generated, as in the case of exemplar field in Figure 7, where only one valid Sentinel-2
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observation is obtained from 153 d to 203 d due to cloud coverage. Cloud coverage is more
frequent in a low-latitude area, such as Vietnam, so daily observation frequency is desirable,
which could be achieved by image fusion techniques, such as Spatial-Temporal Adaptive
Reflectance Fusion Model (STARFM, [48]). Gao [47] used STARFM to fuse MODIS and
Landsat data to obtain daily Landsat-like observations, and successfully retrieve plot-level
phenology in cloudy areas. However, it is currently not easy to implement this in GEE, so
this promising technique is not integrated in our PODS algorithm.

On the other side, SAR backscatter coefficients time series [28] and interferometric
coherence time series [49] can be used to retrieve rice phenology, but there are some caveats:
SAR data are sensitive to soil moisture (dielectric constant), surface roughness as well
as terrain, so non-vegetation factors (e.g., tillage, precipitation) can introduce substantial
uncertainty in the time series. Moreover, imaging defects in mountainous regions, such as
fore-shortening, shadowing, and overlaying phenomenon, limit its use.

When the region of interest is large, it is necessary to take into consideration all kinds
of interfering factors, including terrain, tillage, and precipitation. The vegetation index
from optical data is less influenced by these factors and thus is a better proxy of crop
progress [50]. Built upon vegetation index time series, the PhenoRice algorithm is reported
to be robust and reliable in several case studies [4,51].

5.3. Flood Signal Detection

Following [21], a single global and conservative threshold was used for flood signal
detection with microwave data. The influence of the local incidence angle on backscattering
hinders the use of a single threshold for the entire scene to a certain extent, but the range
of the incident angle of Sentinel-1 is moderate. If the threshold is set higher (lower), the
omission error and true positive rates are improved (worsened). Future research will
set thresholds as functions of the incidence angle (e.g., piecewise or linear functions)
or perform empirical regression-based normalization of the backscatter coefficient to a
reference incidence angle [52] by considering the influence of the incidence angle.

The weights of SAR and optical observation in our study are identical, while they
could be adjusted depending on terrain, weather, and other conditions. The weight of
SAR observation could be reduced when applied to mountainous regions because of the
shortages resulted from its acquisition mechanism, such as fore-shortening, overlaying,
and shadowing. The sensitivity of backscatter coefficient to soil moisture and ground
surface roughness should also be considered.

5.4. Pros and Cons of PODS

The proposed PODS algorithm has the following characteristics, which provide good
reproductivity, generality and transferability:

1. It was completely implemented on the GEE platform, saving the time of data down-
loading and taking only several minutes to get the result. Otherwise, it would be
computationally unfeasible to implement PODS on general-purpose personal com-
puters because the data volume of Sentinel-1/2 covering the HJH plain, whose area is
more than 10 thousand square kilometers, in the whole 2019, is hundreds of gigabytes.

2. The datasets used in PODS are those publicly accessible datasets, and neither prior
knowledge of the local rice phenology information nor the cadastral field boundary
data is required.

The discrimination between rice and non-rice objects is determined by the occurrence
of flood signals. However, commission error may occur in those land covers that have
flooding phenomenon, such as fish pools and wetlands; omission error may occur in regions
where flood signals are weak, e.g., in those regions where upland rice is adopted. Some
other distinct characteristics of rice could be incorporated into the current rice classification
module to reduce commission and omission error, such as the rapid growth in vegetative
phase following the transplanting phase. The rapid growth signal can be captured by a
surge in backscatter time series or vegetation index time series [24].
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In theory, the PODS algorithm can be applied to regions with different planting
intensity and different terrains. However, when applied to different regions, the parameters
need to be adjusted. Therefore, this study only selected Hangjiahu Plain as the study area.
Double cropping is common in this region, where rice is in rotation with wheat, rapeseed,
etc., but double cropping of rice is rare (about 10%). Thus, we didn’t attempt to extract the
double cropping rice from the identified rice planting area. The performance assessment of
this algorithm in areas with different planting intensity and different terrain will be carried
out in the follow-up research.

6. Conclusions

We developed a systematic method to map paddy rice called the PODS algorithm
using MODIS and Sentinel-1/2 time series data. The method consists of three procedures: (i)
object extraction from multi-temporal 10-m Sentinel-2 data; (ii) specifying the transplanting
stage from the time-series VI data using the PhenoRice algorithm; and (iii) identifying rice
paddies through flood signal detection from time-series optical and microwave signals
(VH backscatter). The PODS algorithm alleviates the pepper-and-salt effect by the object-
oriented classification method, accurately recognizes the start of the rice growing season
by the PhenoRice method, and solves the low availability of optical remotely sensed
images brought by the monsoon climate by optical and radar data fusion. The results
were validated against VHR imagery from Google Earth, rice paddy related POIs, geo-
referenced field photos, VI time series, and other data sources. The PODS approach is
useful when mapping rice paddies in the HJH plain in China. We believe that PODS has
potential applicability to other regions where cloud coverage is prevalent, croplands are
scattered and fragmented, or the cropping system is complex. In the future, we will test the
applicability of this method in a wider range of regions such as south and southeast Asia.
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