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A Two-Step Method for Monitoring Annual Paddy
Rice Planted Area in Tropical Region by Integrating
Rice Identification and Cropping Intensity
Estimation
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Abstract— Accurate assessment of paddy rice planted area is
challenging in tropical regions where the availability of optical
satellite data and samples is limited due to the high prevalence
of cloudy and rainy periods. This study, carried out in Vietnam,
presents a novel two-step method to estimate annual paddy
rice planted area at the 10-m spatial resolution overcoming the
limitations of scarce optical remote sensing data and ground-
truth samples. First, an easy and effective visualization method
was designed to collect rice and nonrice samples based on the
significant color difference of consecutive three monthly VH
composite data between paddy rice fields and other land covers
during the flooding to transplanting stage. Second, rice spatial
distribution information was extracted by taking full advantage
of coarse optical imagery in a spatialtemporal continuum and
Sentinel-1/2 images combined with rice potential zone (RPZ)
generation by threshold and rice fine classification by random
forest. Third, the cropping intensity of paddy rice fields was
identified from monthly VH bands smoothed by harmonic
analysis of time series (HANTS) using the quadratic difference
method. The utilization of RPZ improved R? of the paddy rice
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fields’ identification accuracy from 0.78 to 0.97 and reduced the
root mean square error (RMSE) from 69.28 x 103 to 31.54 x
10 ha. Results indicate that in 2020, the paddy rice planted
area of Vietnam was estimated as 6264.9 x 10° ha, strongly
corresponding to the estimation in the statistical yearbook by
province (R? = 0.97). The study demonstrated the effectiveness of
Sentinel-1 synthetic aperture radar (SAR) data in the estimation
of annual paddy rice planted areas in frequently cloudy and rainy
tropical regions where optical data are scarce.

Index Terms— Cropping intensity, harmonic analysis of time
series (HANTS), paddy rice distribution, paddy rice planted area,
quadratic difference, Sentinel-1.

I. INTRODUCTION

ICE is the primary staple food for over half of the world’s

population, accounting for more than 20% of global
calorie consumption [1]. Paddy rice cultivation occupies over
12% of the world’s arable land, with this footprint continuing
to expand. In addition, obtaining highly accurate information
on paddy rice is crucial for water resources management
and climate change [2]. The annual paddy rice planted area
refers to the total area harvested during the year, which holds
significant statistical importance. This area can be quantified
as the product of the spatial distribution of paddy rice and its
cropping intensity. Therefore, accurately assessing it requires
precise monitoring of both the spatial distribution of paddy
rice and its cropping intensity.

Advancements in remote sensing and cloud computing
platforms have led to significant breakthroughs in large-scale
paddy rice mapping [3].

The mapping methods for paddy rice can be mainly cat-
egorized into phenology-based and machine learning-based
approaches. The phenology-based approaches utilize pheno-
logical characteristics to distinguish paddy rice from other
land covers using optical or synthetic aperture radar (SAR)
remote sensing time-series images. A typical phenological
characteristic of paddy rice is the occurrence of the land sur-
face water index (LSWI) exceeding the normalized difference
vegetation index (NDVI) or the enhanced vegetation index
(EVI) during the period from flooding to transplanting. Many
studies have successfully utilized this transplantation signal
for large-scale paddy rice mapping using MODIS data [4],
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[5], [6], [7], [8]. However, the paddy rice results generated
using MODIS data have many noises due to the low spatial
resolution. The higher spatial resolution remote sensing data,
including Landsat and Sentinel-2 data, are also used for paddy
rice mapping [9], [10], [11], [12], but the study area is mostly
at high latitudes with enough optical imagery. It is challenging
to obtain enough paddy rice signals in tropical regions due to
the negative impact of cloudy and rainy weather [2], [13].
SAR imagery, unaffected by clouds, showed great potential in
paddy rice maps and provides an alternative way for paddy
rice identification. For instance, paddy rice exhibits a distinc-
tive “V-shaped” profile in SAR VH time-series data during
the flooding-to-transplanting period, providing an alternative
approach for paddy rice mapping [14]. For example, an index
called SPRI was developed [15] to identify paddy rice based
on the temporal profile of SAR backscatter coefficients.

The advent of machine learning technology has led to an
increase in paddy rice identification [11], [12], [16]. Machine
learning has been demonstrated to improve the accuracy of
paddy rice identification, but it is highly dependent on the
availability of labeled samples. In addition, collecting crop
labels through field surveys is labor-intensive and often lacks
timelines [17]. To address these challenges, some strategies
have been developed to generate paddy rice labels utilizing the
optical phenological characteristics of paddy rice [11], [12]
or to extract the potential rice planting extent using optical
imagery [18]. A recent study has shown that transplanted
paddy fields during the transplanting period have distinctive
dark green colors in false-color composite images composed
of short-wave infrared (SWIR), near-infrared (NIR), and red
bands, making it easier to visually distinguish paddy rice
from other land cover [19]. However, these methods are
ineffective in tropical regions where optical data are scarce
due to persistent cloud cover. SAR backscatter can be used
as an indicator to track paddy rice growth [13], [15], which
provides a possible alternative way to generate reliable labels
for paddy rice mapping in cloudy and rainy regions.

Cropping intensity is another critical component of the
annual paddy rice planted area estimation, which means the
number of planting cycles per year. Most studies on extracting
cropping intensity information used optical images, such as
NDVI or EVI time series [20], [21], [22]. However, in cloudy
and rainy areas, the effective observation pixels of optical
images are severely lacking, making it difficult to obtain com-
plete information during the growth season of paddy rice. SAR
can detect complete information on paddy rice growth even in
cloudy and rainy areas [13], which is an excellent data source
for extracting cropping intensity information. Therefore, recent
studies tried to use Sentinel-1 to monitor cropping intensity.
For example, Qiu et al. [23] coupled Sentinel-1 and Sentinel-
2 data to produce the first 10-m map of cropping intensity
information in China. He et al. [24] used the Sentinel-1 SAR
and harmonic method to extract paddy rice cropping intensity.
These studies demonstrated the possibility of using SAR time
series to extract cropping intensity.

Annual paddy rice planted area requires the simultaneous
identification of paddy rice distribution and cropping inten-
sity. This task remains particularly challenging in rainy and
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cloudy regions due to the scarcity of optical imagery and the
limited availability of samples. Therefore, it is essential to
develop an effective approach to overcome them in tropical
areas. Vietnam, one of the world’s largest rice producers and
exporters, provides an ideal area to address the challenges.
Its tropical monsoon climate and complex terrain exemplify
regions where optical imagery is frequently obstructed, and
sample collection is difficult. This study conducted a compre-
hensive analysis to distinguish the SAR signal of paddy rice
from other land covers and proposed a novel framework for
estimating the rice planted area of Vietnam in 2020. The main
objectives can be summarized as follows:

1) to develop a novel method for sample collection by
utilizing SAR VH composite data to differentiate paddy rice
from nonrice;

2) to design an effective framework using Sentinel-1/2 data
for identifying paddy rice fields and SAR data for cropping
intensity when optical satellite data are unavailable;

3) to establish a two-step method for estimating the annual
paddy rice planted area by integrating spatial distribution data
and cropping intensity of paddy rice.

II. STUDY AREA AND DATASETS
A. Study Area

Vietnam (see Fig. 1) is the third largest rice exporter glob-
ally, located in the eastern part of the Central South Peninsula,
covering an area of 33 168.8 x 10° ha. The geographical coor-
dinates are between 8°10'~23°24'N and 102°09'~109°30'E
[see Fig. 1(a)]. Vietnam is characterized by a tropical monsoon
climate, with high temperatures and heavy rainfall. The terrain
of Vietnam consists of the mountain area and plains [see
Fig. 1(b)], and the main mountains are in the south—central
and northern zones, and the main plains are in the Mekong
and Red River deltas. The wet and warm conditions create a
good environment for paddy rice growing, with the Mekong
River Delta and the Red River Delta being the main paddy
rice planting regions [see Fig. 1(c)]. There are significant
differences in paddy rice cropping structures between the north
and south due to diverse climate conditions, terrain, land,
and water resources. Variations in crop spectra and phenology
over a large regional scale could reduce the accuracy of crop
classification [25]. Therefore, we divided Vietnam into North
Vietnam, North—Central Vietnam, South—Central Vietnam, and
Mekong regions for paddy rice identification based on the
agroecological zone from CropWatch Cloud [26], as shown
in Fig. 1(a).

The Vietnam rice crop calendar is shown in Fig. 2. Paddy
rice planting in Vietnam can be categorized into three types:
early spring paddy rice planted in the previous October and
harvested in the current January/February, late spring/main
autumn paddy rice planted in February/March and harvested
in May/June, and late autumn/winter paddy rice planted in
June/July and harvested in October/November.

The paddy rice growth can be simplified into three periods.
The first is the flooding and transplanting period, which is the
early stage, and the paddy rice fields are a mixture of rice
seedlings and surface water. The second is the vegetative and
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Fig. 1. Overview of the study area in Vietnam. (a) Geographical location
of Vietnam in Southeast Asia and four agroecological subzones. (b) Spatial
distribution of topography and river; the blue polylines are the main rivers.
(c) Spatial distribution of paddy rice planted area by province obtained from
yearbook in Vietnam in 2020, most planted in the Mekong and Red River

deltas.
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Fig. 2. Paddy rice crop calendar of Vietnam (sources: https://ipad.fas.
usda.gov/rssiws/al/crop_calendar/seasia.aspx).

reproductive period, which covers tillering, stem elongation,
heading, flowering, and panicle development of paddy rice.
During this period, it is difficult for sensors to detect infor-
mation about water in the paddy rice fields about 50-60 days
after transplanting [4], [8]. The third is the maturity period,
which includes filing, maturity, and harvest. The moisture in
paddy rice leaves and stems gradually decreases and senesces.
After harvest, the field consists of paddy rice straw and soil.

B. Multisource Remote Sensing Data

The satellite remote sensing data used here include MODIS,
Sentinel-1 SAR, and Sentinel-2 MSI data.

MODIS imagery covers a larger region, and its high tempo-
ral resolution ensures more complete information throughout
the entire paddy rice growth cycle, making it the preferred
optical data for large-scale paddy rice identification in cloudy
and rainy regions. MODO09A1 data from 2011 to 2020 are
used to identify the potential planting zones of paddy rice in
Vietnam. MODO09A1 is an eight-day synthetic MODIS surface
reflectance product that can be obtained from the GEE data
catalog [3]. MODO09A1 comprises seven surface reflectance
bands with 500 m with a process of atmospheric correction.
Each tile of the MODO09A1 data covers an area of 1200 x
1200 km?. We used the quality control flag layer in the
MODO09A1 to remove the impact of cloud cover. The blue
band pixels with a reflectance greater than or equal to 0.2 are
also regarded as clouds [4], [6].

According to the Vietnam rice crop calendar, early spring
paddy rice was planted in the previous October and harvested
in the current January/February, so we obtained Sentinel-1/2
images from October 2019 to December 2020.
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The Sentinel-1 satellite captures 5.4-GHz dual-polarization
C-band SAR data with a revisit cycle of either 12 or six days.
In this study, we selected the IW mode Level 1 Ground Range
Detected (GRD) product data, which provides backscatter
coefficient values in decibels (dB). These data have a spatial
resolution of 10 m, cover a swath of 250 km, and capture a
range of incidence angles from approximately 30° to 45°. All
SAR data utilized in this study were accessed and processed
through GEE. The vertical transmit, horizontal receive (VH)
polarization data were analyzed because it is more sensitive
to the paddy rice growth stage than vertical transmit, vertical
receive (VV) polarization data [27]. Additional preprocessing
steps applied to the SAR images included boundary noise
removal and speckle filtering using a filter with a boxcar kernel
(30 x 30 m) [28]. Because steep slopes are not suitable for
paddy rice cultivation and most of the paddy rice planting
areas in Vietnam are plains, no slope correction process was
performed [29].

In addition, the Sentinel-2 L2A surface reflectance product
was used for paddy rice classification. Sentinel-2 L2A was
processed by harmonization, geometric fine correction, and
atmospheric correction. Cloud cover was removed using qual-
ity bands before further analysis [4].

C. Ancillary Remote Sensing Products

The Vietnam Land Use and Cover Data (VLUCD) were
employed for the comparison of paddy rice classification
results. The VLUCD is a high-resolution land use and land
cover product for Mainland Vietnam, referred to as “ver-
sion 23.09,” produced by the Japan Aerospace Exploration
Agency [30]. The VLUCD was created using time-series satel-
lite data in conjunction with the Convolutional Neural Network
approach developed in the High-Resolution LULC mapping of
Japan (HRLULC-Japan v21.11) with a high overall accuracy
(OA) of 90.5% = 1.2%. It represents the LULC status across
Mainland Vietnam (excluding some remote islands in the east)
as of the year 2020, with a spatial resolution of 10 m. The
pixel with a value equal to 3 is the paddy rice layer.

The APRAS00 and ACIAS500 datasets in 2020 were
employed to validate the accuracy of paddy rice spatial dis-
tribution and paddy rice cropping intensity obtained by our
algorithm. The APRA500 and ACIA500 datasets represent the
500-m annual paddy rice spatial distribution dataset and the
annual cropping intensity dataset for monsoon Asia, covering
the period from 2000 to 2020 [5], respectively.

The Global Cropping Intensity dataset at a 30-m (GCI30)
resolution was used to validate the cropping intensity results.
The GCI30, derived from a combination of multisource remote
sensing images, including Landsat 8, Sentinel-2, and MODIS,
has been updated to the year 2020 [22]. GCI30 provided
essential information for assessing the accuracy and reliability
of our cropping intensity analysis.

D. Vietnam Paddy Rice Statistical Yearbook

The paddy rice statistical yearbook of Vietnam was utilized
for the year 2020 as reference data. This dataset served as
a crucial component in our comparative analysis, aimed at

Authorized licensed use limited to: Aerospace Information Research Institute. Downloaded on April 28,2026 at 04:10:45 UTC from IEEE Xplore. Restrictions apply.



4405915

A

e

Sentinel-1 SAR
ey
Crop Calendar

lT.

Generate the rice
potential zone

Data preprocessin;

l Monthly mean

Monthly mean
composited

|

|

|

|

|

|

|

|
Yearly mean ||
composited :
|

|

|

|

|

|

1

I

VH bands RGB
composited ! [Spectral bands &

Indices

Rice and Non-Rice
samples

I
I

I

I

I

I

—

g i
|
I

I

I

I

I

I

I

I

]

Rice cropping
intensity

Fig. 3. Flowchart of paddy rice planted area estimation in Vietnam.

validating the accuracy and reliability of our methodology.
The statistical yearbook was sourced from the official web-
site of the General Statistics Office of Vietnam, accessible
via the following link: https://www.gso.gov.vn/en/agriculture-
forestry-and-fishery/.

III. METHODOLOGY

The precise identification of paddy rice spatial distribution
and paddy rice cropping intensity is critical for annual paddy
rice planted area estimation. We adopted a two-step method
for the identification of paddy rice spatial distribution and
paddy rice cropping intensity (see Fig. 3). For the identification
of paddy rice spatial distribution, we first identified the rice
potential zone (RPZ) by analyzing the signal transformation
of vegetation index during the flooding and transplanting
period leveraging MODIS data, and then, we used random
forest algorithm to differentiate paddy rice fields from other
land covers within RPZ using the Sentinel-1/2 images. For
the calculation of cropping intensity, the quadratic difference
method was used to calculate the cropping times of paddy rice
using SAR time-series images, which were reconstructed by
the harmonic analysis of time-series (HANTS) method.

A. Method on Generation of Paddy Rice and Nonrice
Samples

Reliable samples are important for machine learning-based
paddy rice mapping. It is still challenging to obtain reliable
samples in regions where no samples are available. In this
study, we designed an effective method to generate paddy rice
and nonrice samples. This method leverages the significant
difference of SAR VH backscatter coefficient (6°) between
paddy rice fields and other land covers. As shown in Fig. 4(a),
0" of paddy rice during the flooding to transplanting period
is significantly lower than other phenological stages due to
the presence of water. During the vegetative and reproductive
period, the o of paddy rice increases significantly due to the
volume scattering of paddy rice. At the maturity period, o°
decreases due to the surface scattering after harvesting [13],
[31], [32].
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Fig. 4. (a) VH time series of paddy rice sample and (b) difference of VH
time-series profiles between paddy rice and other land covers.

The variation of ¢° between paddy rice and nonrice land
covers has a significant difference [see Fig. 4(b)]. The urban
area shows the highest 0% (=10 dB) with small variation;
the water body shows the lowest 6% (=27 dB) with small
variations; and o” of the forests and other crops shows stronger
0%(—16 to —12 dB) than paddy rice peak and with small
variation. o® of paddy rice shows a strong variation during
the growing stage with low o” during flooding to transplanting
period and high o when the paddy rice canopy closed.

Based on the significant difference of o” between paddy
rice and nonrice land covers, we used the consecutive monthly
synthesis SAR VH bands covering the transplanting period in
2020 to generate paddy rice and nonrice samples. In general,
pixels appear in multiple colors when the VH values of
the three consecutive months exhibit significant variation.
Conversely, pixels appear in white or gray when the VH
values of the three consecutive months exhibit less variation.
As ¢° of paddy rice in three consecutive months covering
the transplanting period has a high variation, the paddy rice
pixels will exhibit a color, while ¢° of other land covers
with slight variation will appear as white, gray, or black (see
Fig. 5). Based on the synthesis VH bands, paddy rice and
nonrice samples can be selected easily and quickly in the
GEE. Referring to the paddy rice crop calendar in Vietnam,
we used the monthly composited VH data from December
2019 and January and February 2020 in Northern Vietnam
and South—Central Vietnam, and the monthly composited VH
data from May to July 2020 in the Mekong and North—Central
Vietnam.
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waon 1

Fig. 5.

Comparison of visual differences between different land covers:
(a) paddy rice, (b) other crops, (c) woody crops, (d) water, (e) aquaculture,
(f) forest, and (g) building. SAR images were obtained by average composited
using the VH bands in the three months before and after the early spring
paddy rice transplanting period (September, October, and November 2020) in
the Mekong region.

The Jeffries—Matusita (JM) distance was employed to eval-
uate the divisibility between paddy rice and nonrice samples.
The JM distance can be calculated as follows:

1/ | —eB (1)
By = <cl +Cj> a —a)

|5 |
+ flog —_— 2)
2 Veillejl

where a; and ¢; are the average vector and covariance matrix

of the ith class, respectively, and B;; is the Bhattacharyya
distance between i class and j class.

B. Generation of RPZ

The main purpose of RPZ is to minimize the impact of
nonrice land covers on paddy rice identification by minimizing
the classification region. The RPZ should cover the potential
spatial distribution of paddy rice fields. In this study, long
time-series MODIS data were used to generate the RPZ in
Vietnam using paddy rice optical phenological characteristics
during the flooding to transplanting period. The process of
generating RPZ was divided into the process of MODIS
images, identification of the key transplanting signal of paddy
rice, the elimination of the unreasonable pixels, and merging
the ten-year RPZs.

1) Process the MODIS Data: Time-series linear interpo-
lation was used to fill in the missing values. Then, the
interpolated images were filtered and denoised using the
Savitzky—Golay filter (window size = 9 and order = 3), after
which NDVI, LSWI, and EVI were calculated. The formulas
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are given as follows:
P — P,
NDVI = Znir 7 Tred (3)
Pnir + Pred
Pnir - Pred
EVI=25 x 4)
Poir +6 X Preg — 7.5 X Pppe + 1
LSWI = Pnir - Pswir (5)
Pnir + Pswir
where  Pblue, Ogreens Preds Pnirs  and  pgyir  are the surface

reflectance for the blue, green, red, NIR, and SWIR bands
in MODIS data, respectively.

2) Detect the Paddy Rice Transplanting Signal: We used
either LSWI + 0.05 > EVI or LSWI 4 0.05 > NDVI to detect
the transplanting signal [4]. The reason for using a threshold
of 0.05 is to be able to detect a weaker transplanting signal,
thereby including more potential paddy rice pixels.

3) Eliminate Unreasonable Pixels: A threshold method was
used to determine whether the pixel matched the characteris-
tics of paddy rice, and unreasonable pixels in the transplanting
signal range were eliminated. Because the transplanting signals
of paddy rice occur within a short temporal window, typically
lasting around 60 days. Therefore, the permanent water should
be removed (e.g., permanent water bodies and fishponds). This
study eliminated pixels detected as flood signals more than
22 times in a year and with LSWI > 0.45 [28]. The EVI
increases rapidly after the paddy rice transplanting period due
to leaf growth and biomass gain [33]. Therefore, pixels with
maximum EVI values less than 0.4 were eliminated.

4) Merge the Ten-Year RPZs: To include all paddy rice
fields, MODIS data from 2011 to 2020 were used to obtain the
RPZ for each year, respectively, using the method described
above. These ten RPZs were merged as the final RPZ in 2020.

C. Extract Classification Features

1) SAR Temporal Features: SAR backscatter signals are
sensitive to crop canopy structure and soil conditions and have
been widely used for crop classification [29]. To obtain infor-
mation on the temporal phenological changes of paddy rice,
we performed monthly average compositing of the Sentinel-1
SAR images from October 1, 2019, to December 31, 2020, and
obtained 15 VH bands. Except for the 15 monthly composited
VH bands, this study calculated two statistical features of the
VH time series, named range [15] and cv [28], respectively.
Statistical features can distinguish well between paddy rice and
nonrice land cover types [34]. range is the maximum variation
value of the VH time-series profile, which is calculated using
the maximum and minimum values of VH; cv is the coefficient
of variation of the VH time-series profile, which is used to
measure the fluctuation of the VH time series. Let VH = [VH,,
VH,, VH3;, VH4, VHs, VHg, VH;, VHg, VHg, VH}y, VH;,
VH;,, VH;3, VH4, VH;5]. These two statistical features were
calculated as follows:

range = max(VH) — min(VH) (6)
cv = std(VH) /mean(VH). @)

max(VH) is the maximum value of the VH time series,
min(VH) is the minimum value of the VH time series,
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std(VH) is the standard deviation of the VH time series, and
mean(VH) is the mean value of the VH time series. range is
the maximum variation value of the temporal profile, and cv
is the time-series variation coefficient.

2) Optical Images’ Features: Sentinel-2 images yearly aver-
age composited from October 1, 2019, to December 31, 2020,
were used to calculate the spectral features of paddy rice.
“blue,” “green,” “red,” “nir,” “swirl,” and “swir2” total six
bands were selected. In this article, four indices, NDVI, GCVI
(green chlorophyll vegetation index), EVI, and LSWI, were
selected. NDVI and EVI are common and useful vegetation
indices. LSWI is sensitive to the moisture content of the
vegetation leaves and has been widely used to identify paddy
rice. GCVI is commonly used to predict crop yield and has
been shown to have a greater dynamic range than other
vegetation indices in denser canopies. We calculated percentile
composite characteristics of 5%, 25%, 50%, 75%, and 95%
of Sentinel-2 images from October 1, 2019, to December 31,
2020, for these four indices. GCVI was calculated using the
following equations:

nir

GCVI = —1.

®)
green

nir and green are the NIR band (B8) and the green band (B3)
of the Sentinel-2 image, respectively.

D. Classifier: Random Forest

This study used the random forest classifier on GEE with
the N value set to 300, the variablesPerSplit parameter set
to 5, and the other parameters set to default. The selected
samples and prepared features were used to train the classifier.
Four classifiers were trained for the four subzones of Vietnam.
Then, the four classification results were merged to obtain the
final paddy rice classification result. Blocks of pixels with less
than 12 connections were removed to eliminate the pepper
noise [28].

E. Extract the Paddy Rice Cropping Intensity

The quadratic difference method was used to extract infor-
mation on paddy rice cropping intensity. Because Vietnam
is in tropical and subtropical regions, the effective pixels of
optical images are severely lacking, making it challenging to
detect paddy rice growth completely. Therefore, we chose SAR
time-series images to extract paddy rice cropping intensity
information. However, the SAR images have a lot of speckle
noise, and the SAR time-series curve is also noisy, which
requires to be smoothed and reconstructed. The HANTS
method was used to reconstruct the SAR time series.

1) HANTS: Harmonic analysis based on the Fourier series,
which decomposes a function or signal into a superposition
of several simple periodic functions, such as sine and cosine
such as sine and cosine functions, has been used to reconstruct
remote sensing image time series and to model the temporal
variation of vegetation [35], [36]. The linear harmonic model
is defined as follows:

M
f@®) = Ao+ Bot + Z [(ai cos(2r fit) + b; sin(anit)] )]

i=l1
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Fig. 6. Calculation principal diagram of the quadratic difference method.
(a) Black line is the original VH profile of the paddy rice sample, and the
green line is the VH profile smoothed by HANTS. The peaks of the VH profile
were reduced from five to three after HANTS smoothing, and the valleys were
reduced from six to four, indicating that HANTS can better smooth out the
fake paddy rice growth peaks and valleys. (b) Result of the first difference
on the VH profile smoothed by HANTS (S1 Series). (c) Result of using the
sign function on the S1 Series profile (S2 Series). (d) Result of the second
difference in the S2 Series. The minimum of the number of —2 and 2 in the
S3 Series indicates the cropping intensity.

where f(¢) is the value of the reconstructed series. Ag is the
constant term and can be viewed as the coefficient at zero
frequency. By is the coefficient of the first-order term. M is
the number of harmonic components. a; and b; are Fourier
coefficients for harmonic components. f; is the frequency. ¢
is the time. This model can be solved using the linear least-
squares method.

2) Quadratic Difference Method: The o variation is
closely related to the growth of paddy rice. For paddy rice
growth, the VH curve will form a peak or a valley. The valley
of the VH curve represents the transplanting period of paddy
rice, and the peak of the curve represents the vegetative and
reproductive period of paddy rice; after harvesting, the VH
value further decreases. The paddy rice cropping intensity can
be extracted by monitoring the number of peaks and valleys
in the time profiles. This study used the SAR data from
October 1, 2019, to December 31, 2020, a total of 15 months.
After preprocessing and monthly average composite, the image
with 15 VH bands was obtained. The quadratic difference
method was used to calculate the number of peaks and valleys.
The calculation principal diagram of the quadratic difference
method is shown in Fig. 6.

The steps are given as follows.

Step 1: Calculate the difference between neighboring VH
values according to (10) to obtain sequence S1. Then, accord-
ing to (11), determine the positive and negative signs of each
element in sequence S1, and assign the values of 1 if it is
positive and —1 if it is negative

S1; = VH;;, — VH; (10)
1 S1; >0

§2, =4 = (11)
—], Sll < 0.

Step 2: Calculate the difference between neighboring ele-
ments in S2 according to the following equation to obtain
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sequence S3, which indicates potential local inflection points:

§3; = S2i1 — S2;. (12)

Step 3: Count the points with values equal to —2 and 2 in
S3; —2 represents the peak of the VH profile (the vegetative
and reproductive period of paddy rice), and 2 represents the
valley (the transplanting period of paddy rice). In this study,
we consider one combination from 2 to —2 or from —2 to
2 as one season of paddy rice planting, which is simplified by
calculating the minimum value of the number of peaks and
valleys of the VH profile as the result of cropping intensity as
follows:

ci = min(num(S3 == —2), num(S3 == 2)). (13)

num is a counting function. For a pixel, ci is the cropping
intensity of paddy rice; if ci is equal to 3, the pixel is a triple-
cropping rice; if ci is equal to 2, the pixel is a double-cropping
rice; and if c¢i is equal to 1, the pixel is a single-cropping rice
(see the following equation):

ci =3, triple cropping rice
result = { ¢i =2, double cropping rice (14)
ci =1, single cropping rice

The annual paddy rice planted area in Vietnam can be
estimated by combining paddy rice spatial distribution and
cropping intensity information with the following formula:

Area = Areagingle X 1 + Areagoyple X 2
+Areatriple x 3
Areagingle = single X Spixel (15)
Areagouple = double X Spixel

Areagiple = triple X Spixel

where Area is the annual paddy rice planted area;
Areagingle, AT€agouble> and Areagiple are the spatial distribution
areas of single-cropping rice, double-cropping rice, and triple-
cropping rice, respectively; single, double, and triple are the
numbers of the single-cropping rice, double-cropping rice, and
triple-cropping rice pixels; and Spixer is the area of a pixel.

F. Accuracy Assessment

1) Classification Model Evaluation: We divide the samples
of each subzone into two parts: 70% as the training set and
30% as the test set. OA, producer accuracy (PA), user accuracy
(UA), Fl-score, and Kappa coefficient were used to evaluate
the classification accuracy of paddy rice and nonrice results.
These metrics can be calculated as follows:

0A = Zi=1%i 1000, (16)
N
Xii
PA; = = % 100% (17)
Xiy
Xii
UA; = 20 5 100% (18)
Xyi
UA,' X PA,
Fl—score; = ————— x 2 (19)
UA; + PA,

4405915

HPE 12

¢ A (a) z 1000
b £

% e
3 z

z & z

) PO B o800

e i

WPE_ 104°E 106 10§°E

1041 1040 (b)

- . China
L »

<4
e
I
Number of samples

£ North North-Central  South-Central  Mckong region

Fig. 7. (a) Spatial distribution of paddy rice and nonrice samples selected
in Vietnam. (b) Histogram of sample sizes in the four subzones of Vietnam.

N XY Xii = D iy Xip X
N2 =370 Xiyxy
where X;; is the value of i rows (classified data) and j
columns (validation data) of the confusion matrix, denoting
the number of samples in class i classified as class j. N is
the total number of samples; X;; and X,; are the i rows
and i columns of the confusion matrix. Kappa is the Kappa
coefficient. F'1 — score;, PA;, and UA; are the F1-score, PA,

and UA of class i.

2) Compare With Existing Data: We compared the spatial
distribution of paddy rice results with other existing data
products to check the consistency. The statistical yearbook of
Vietnam in 2020 was used to compare the annual paddy rice
planted area by province.

Kappa = (20)

IV. RESULTS

A. Spatial Distribution of Paddy Rice Fields at 10 m of
Vietnam in 2020

A total of 6702 samples were selected (see Fig. 7), including
3310 paddy rice samples and 3392 nonrice samples. The
samples were validated using the VLUCD, the OA was greater
than 98%, and the Kappa was greater than 96% for four
subzones. The OA and Kappa of all samples are 99.07% and
98.15%, respectively. It shows that the samples have good
consistency with the VLUCD and have great accuracy. The
JM distance between paddy rice and nonrice samples for each
subzone is 1.414, showing great divisibility in samples selected
by this study’s method.

Furthermore, we draw box plots of range and cv of paddy
rice and nonrice samples selected (see Fig. 8) in the four
subzones for the corresponding three monthly composited
VH data. In the four subzones, the range of paddy rice is
mainly between 3 and 8, and the range of nonrice is mainly
between 0 and 3, showing that paddy rice has greater range
than nonrice; cv of paddy rice is mainly between —0.19 and
—0.07, and cv of nonrice is mainly between —0.06 and —0.02,
showing that the VH data of paddy rice have greater fluctuation
than nonrice. It reveals a good distinguishability between
paddy rice and nonrice.

The RPZ of 2020 in Vietnam is shown in Fig. 9(a). The
area of the RPZ is 17 325.2 x 10° ha, which is about 52%
of the land area of Vietnam, indicating that the RPZ can
mask out 48% of the image pixels, which can reduce the
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Fig. 9. (a) RPZ and (b) fine spatial distribution of paddy rice fields in 2020.

computational volume by nearly half when using the trained
model for paddy rice classification. Fig. 9(b) shows the result
of rice classification in Vietnam in 2020. Vietnam’s paddy
rice is mainly distributed in the Red River Delta and Mekong
Delta regions. The spatial distribution of paddy rice in North
Vietnam accounts for 20%, North—Central Vietnam for 13.5%,
South—Central Vietnam for 17.5%, and the Mekong Delta
region for 49% of the total spatial distribution area in Vietnam.

The confusion matrix and classification accuracy statistics
of paddy rice and nonrice are shown in Table I. In the four
subzones in Vietnam, the misclassification of paddy rice and
nonrice samples was low for the test samples, and the PA, UA,
F1, OA, and kappa coefficients were all over 98%, indicating
that the paddy rice classification result performs well on the
selected samples.

The SHAP framework [37] is used to quantify the contribu-
tion of the different features, and the result is shown in Fig. 10.
As shown in Fig. 10(a), the cv and range ranked in the first
and second positions, showing that their contribution to paddy
rice classification is significant, which matches with the larger
range and fluctuation of rice’s VH time series compared with
other land covers [15]. The SAR monthly composited features
VH_2020_02, VH_2020_03, VH_2020_07, VH_2020_08, and
VH_2020_01 also contributed significantly to paddy rice clas-
sification, and these were mostly in the transplanting period,
suggesting that the VH features in the transplanting period
of paddy rice are important for the extraction of paddy
rice planting information. Most of the top 20 features are
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TABLE I

CONFUSION MATRIX OF THE PADDY RICE CLASSIFICATION
ACCURACY ASSESSMENT

validation
Sub- data PA UA o OA
zone O TRice Nom (%) (%) OOy Kemm
rice
Rice 300 2 99.34  99.01 99.17
North I\r]l‘;‘; 30 35 9909 9939 9924 2l 984l
North- NRlcne 195 1 99.49 9898  99.23 006 9553
Central ri?:e- 2 210 99.06  99.53  99.29 ’ ’
South Rice 230 0 100.0  100.0  100.0
Central Ijl‘;‘; 0 221 1000 1000 1000 000 1000
Mekong Rice 261 1 99.62 100.0 99.81
Region - 99.81 99.61
gion Non 257 1000 9961 9980
rice
« I o et O
range |I—— range - o
VH_2020-02 [ VH_2020:02 = = e oot
EvL_pos I EVI_p95 e = =k
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Fig. 10. (a) Average SHAP values for the top twenty features. (b) SHAP

summary plot.

extracted from SAR images, indicating that the contribution
of SAR data is greater than the optical data due to SAR
data being able to more completely monitor the growth of
paddy rice in cloudy and rainy regions. EVI_p95, GCVI_p95,
and NDVI_p95 also contributed significantly to paddy rice
classification, suggesting that index features calculated from
optical remote sensing images are helpful. As shown in
Fig. 10(b), since VH values are negative, the smaller cv
(negative value) and the larger range (positive value), both
indicating stronger temporal fluctuation in the VH profile,
along with the smaller SAR monthly composited features
during the transplanting period, collectively enhance the pos-
itive impact on paddy rice classification accuracy. In the top
20 features, except for GCVI_p25, the larger the value of the
other optical features, the more positive the contribution to
paddy rice classification.

The paddy rice fine classification result was compared with
the result of consecutive monthly synthesis SAR VH bands
(SAR Image), paddy rice layer in VLUCD (VLUCD-Rice),
and APRAS5S00 data (APRAS500) in 2020 at one selected
location in each subzone. As shown in Fig. 11, our paddy
rice results coincided best with the SAR Images. Compared to
VLUCD-Rice, our paddy rice spatial distribution was greatly
consistent with it in visual comparison, but our result reduces
misclassified pixels (e.g., in South—Central Vietnam) and pro-
vides a more detailed field boundary (e.g., in the Mekong
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Fig. 12. Comparison of the paddy rice spatial distribution area between
this paddy rice classification result and other data at the province level:
(a) VLUCD-rice and (b) APRAS500-rice.

region). Compared to the APRAS500, which has a spatial
resolution of 500 m, our result was more detailed and had
a higher resolution.

The spatial distribution areas of our study, VLUCD-rice,
and APRA500-rice in each province of Vietnam were calcu-
lated, respectively. The scatter plot is shown in Fig. 12. The
correlation of this article’s paddy rice classification result with
VLUCD-rice is 0.90, and the statistics with APRA500-rice is
0.94. This showed that the area statistics of the paddy rice
classification result of this article were greatly consistent with
these two products.

B. Cropping Intensity of Paddy Rice Fields in Vietnam in
2020

The spatial distribution of single-cropping rice, double-
cropping rice, and triple-cropping rice obtained in this study is
shown in Fig. 13. The paddy rice cropping intensity index for
Vietnam is 2.28. Double-cropping rice in Vietnam is mainly
planted in the Red River Delta region, some in the Mekong
River region. The triple-cropping rice is primarily planted in
the Mekong River Delta. Single-cropping rice is rarely planted.

Compare the paddy rice cropping intensity result of this
study with GCI30 and ACIAS500. As shown in Fig. 14, our
result has more double-cropping rice and triple-cropping rice
in the selected location of each subzone. In Vietnam, the area
of triple-cropping rice in this study was 950.65 x 10° ha,
which is 165% more than the area of triple-cropping rice in
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Fig. 14. Spatial comparison of the result of paddy rice cropping intensity
with GCI30 and ACIA500.

GCI30 (358.58 x 10° ha) and 10.8% more than the area of
triple-cropping rice in ACIA500 (858.23 x 10° ha). In the
Mekong subzone, there are few triple-cropping rice planted
in the result of GCI30, and our result has more consistency
with ACIAS500. In the south—central subzone, there is almost
double-cropping rice planted that is consistent with ACIA500.
In the north—central subzone and red river delta subzone,
our result has more triple-cropping rice planted compared
to GCI30 and ACIAS00. There are some differences in our
cropping intensity result compared to the other data products,
which are discussed in Section V-B.

C. Annual Paddy Rice Planted Area of Vietnham in 2020

Based on the fine distribution of paddy rice at a spatial
resolution of 10 m, coupled with the information on paddy
rice cropping intensity, the paddy rice planted area of our
study was 6264.9 x 10° ha, less than the statistical yearbook
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Fig. 15.  (a) Comparison of the annual paddy rice planted area between this
article’s result and the statistical yearbook by province. (b) Spatial distribution
of annual rice planted area by province obtained from this study. (c) Spatial
distribution of the paddy rice planted area error in each province between the
results of this study and statistical yearbook.

(7278.9 x 103 ha) with 14% area error. The paddy rice
planted area in each province of Vietnam obtained by our
study was compared with the Vietnam statistical yearbook
[see Fig. 15(a)]. R? is 0.97, and the root mean square error
(RMSE) is 31.54 x 10° ha, which showed extremely high
consistency with the statistical yearbook. As Fig. 15(b) shows
the spatial distribution of paddy rice planted area in each
province obtained in this study, there is a great consistency
with the spatial distribution of the statistical yearbook [see
Fig. 1(c)]. Fig. 15(c) shows the spatial distribution of the error
of paddy rice planted area in each province of this study with
the statistical yearbook. The error in both the Mekong and
Red River delta regions is within —20% to 20%, and most of
the regions with high underestimation (< —20%) are in the
northern region of Vietnam, while most of the overestimation
(> 20%) is in the central region of Vietnam.

V. DISCUSSION

In this study, we developed a two-step annual paddy rice
planted area estimation framework in Vietnam and succeeded
in overcoming the lack of data challenges of optical satellite
imagery and reference samples in tropical regions. Our results
compared very well with the annual statistical yearbook,
suggesting that the method can be well used to monitor the
annual paddy rice planted area on a national scale.

A. Compared With NESEA-Ricel0 and MSEAsia20

The results are consistent with 10-m resolution
VLUCD-Rice and 500-m APRAS500 data for 2020 and
provide a more detailed spatial distribution. Given the
similarity with the previous year, further comparison of paddy
rice spatial distribution products was made in 2019: NESEA-
RicelO [28] with 10-m spatial resolution and MSEAsia20
with 20-m spatial resolution [38]. The spatial comparison of
three products in North Vietnam, North—Central Vietnam, and
the Mekong region is shown in Fig. 16.

In the North Vietnam region, the spatial distribution of these
three data is highly consistent. In the North—Central Vietnam
region, the result shows high consistency with MSEAsia20.
Comparing the result with the NESEA-Ricel0, the NESEA-
Ricel0 shows more mosaic vacancy (the yellow square region;
the left bottom region in Fig. 16(d)—(f) is the zoom-in result).
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Fig. 16. Spatial comparison of our result with NESEA-Ricel0 and MSEA-
sia20 in North Vietnam: (a)—(c) center longitude and latitude: 106.02°E,
20.46°N. In North—Central Vietnam: (d)—(f) center longitude and latitude:
105.93°E, 18.26°N. In the Mekong region: (g)—(i) center longitude and
latitude: 105.47°E, 9.50°N; the base map is the result of the RGB synthesis
display using the VH monthly composited data from May to July 2020).

Fig. 17. Spatial comparison of VLUCD data (a) with MSEAsia20 and (b) in
the Mekong region (center longitude and latitude: 105.47°E, 9.50°N).

In the Mekong region, the result is highly consistent with
NESEA-Ricel0 and showed a certain difference with MESA-
sia20 (in the red elliptical region). Furthermore, taking the
VLUCD data as a reference, lots of aquaculture pixels were
found to be misclassified as paddy rice in MSEAsia20 (see
Fig. 17).

We selected two samples within the aquaculture of VLUCD
and plotted their SAR VH profiles from October 1, 2019,
to December 31, 2020 (see Fig. 18), and it can be noted that
the VH of the aquaculture shows a few temporary variations,
but, without the seasonal regularity, the maximum VH value
was much lower than that of paddy rice [15], [32].

B. Compared With the GCI30

It is also challenging to extract information on paddy
rice cropping intensity in cloudy regions [22], and there
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Fig. 18. (a) Two sample points selected in the aquaculture layer of the
VLUCD. (b) Sample A’s original VH and smoothed profile. (c) Sample B’s
original VH and smoothed profile.

are currently few publicly available high-resolution cropping
intensity data in Southeast Asia. In this study, we compared
the cropping intensity result with GCI30 and found some
differences in North—Central Vietnam, South—Central Vietnam,
and Mekong regions. We selected two samples in each of
the regions where the cropping intensity differences exist and
plotted their original and smoothed SAR VH profiles, together
with the S3 Series after the quadratic difference method,
respectively, as shown in Fig. 19. Referring to the paddy rice
crop calendar, the variation of the SAR VH profile matches
well with the growth pattern of paddy rice.

In this study, the minimum number of transitions between
—2 and 2 (or 2 to —2) was utilized as an indicator of cropping
intensity. In North—Central Vietnam, samples A and B were
identified as triple-cropping rice in the results, while GCI30
classified them as double-cropping rice. As shown by their
VH profiles, sample A has four peaks and three valleys,
corresponding to three transitions between —2 and 2, indicat-
ing triple cropping. Similarly, sample B has three peaks and
valleys, with three transitions from —2 to 2, also suggesting
triple cropping. In South—Central Vietnam, samples C and
D were classified as double-cropping rice in our results but
as single-cropping rice in GCI30. Both samples exhibit two
peaks and two valleys, corresponding to two transitions from
2 to —2, which are typical characteristics of double cropping.
In the Mekong region, samples E and F were identified as
triple-cropping rice in our result but as double-cropping rice
in GCI30. Samples E and F both exhibit three peaks and
four valleys, corresponding to three combinations from —2
to 2 or 2 to —2, which are typical characteristics of triple
cropping. Our results based on the SAR VH time series were
more consistent with the actual paddy rice cropping patterns
compared to GCI30. The GCI30, generated using optical time-
series imagery, suffered from missing pixel values due to cloud
cover and rainfall, preventing it from fully capturing the paddy
rice growth cycles, especially in cloudy and rainy regions. Our
SAR-based approach proved more effective in detecting the
complete growth signals of paddy rice in such conditions.

We masked the GCI30 using the fine spatial distribution
of paddy rice and used the masked GCI to calculate the
annual paddy rice planted area and compared it with the
statistical yearbook, and the scatterplot of the planted area in
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Fig. 19. VH profiles before and after HANTS smoothing and quadratic
difference results of selected two samples in (a) North—Central Vietnam,
(b) South—Central Vietnam, and (c) Mekong region, respectively.

each province was drawn, as shown in Fig. 20(a). The annual
paddy rice planted area is 5101.1 x 10° ha, less than the
statistical yearbook (7278.9 x 10° ha) with a 30% area error,
which is higher than our result’s error (14%). Compared to the
statistical yearbook, the lower error of our result indicates that
using SAR data to extract information on paddy rice cropping
intensity is better than optical satellite. As Fig. 20(b) shows the
spatial distribution of paddy rice planted area in each province
obtained from GCI30, compared to the spatial distribution of
our result and the statistical yearbook, the annual paddy rice
planted area of GCI30 is lower in some provinces. Fig. 20(c)
shows the spatial distribution of the error of paddy rice planted
area in each province of GCI30 with the statistical yearbook.
Most of the provinces are underestimated, with nearly 3/4 of
the provinces underestimating the paddy rice planted area by
more than 20%.
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Fig. 21. (a) Spatial comparison of RPZ. (b) Paddy rice classification result
without using RPZ mask. (c) Result of the RGB synthesis display using the
VH monthly composited data from May to July 2020 in the Mekong region
(center longitude and latitude: 105.47°E, 9.50°N).

C. Critical Role of RPZ in Identification of Paddy Rice

We generated the RPZ to mask the study area and compared
it with and without RPZ paddy rice classification results.
As shown in Fig. 21, the RPZ can distinguish paddy rice and
aquaculture very well. Without RPZ, lots of aquaculture pixels
were misclassified as paddy rice, and following the use of RPZ
mask, the aquaculture region was excluded well. In the RGB
synthetic display result using monthly VH data from May to
July 2020 [see Fig. 21(c)], the aquaculture region is in black,
which is significantly different from the nearby paddy rice that
exhibits colors.

As shown in Fig. 22, the paddy rice result without using
the RPZ has more peppery noise compared to the fine paddy
rice result, particularly in the South—Central region (Especially
in the red region). Specifically, we selected three regions in
South—Central Vietnam to compare the RPZ, the paddy rice
result without using RPZ, the fine paddy rice result, and
VLUCD to check the land cover types outside the RPZ. Fig. 23
shows the spatial distribution of these regions. It is noticeable
that the distribution of RPZ corresponds to the fine paddy
rice result and the paddy rice in the VLUCD, which indicates
that the RPZ could include most of the paddy rice fields.
The region where the result without RPZ is outside the RPZ
corresponds to other land covers in the VLUCD. It showed
that the RPZ can exclude most of the nonrice pixels.

The comparison between the spatial distribution area statis-
tics by province for the paddy rice estimation without using
the RPZ and the Vietnam statistical yearbook is shown in
Fig. 24(a). The scatter plot indicates that without using the
RPZ, R? is 0.78, and the RMSE is 69.28 x 10° ha. However,
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Fig. 23. Spatial comparison of the paddy rice result without using potential
zone and VLUCD.

when the RPZ was applied, R? improved to 0.97, and the
RMSE decreased to 31.54 x 10 ha. This demonstrates that
incorporating the RPZ significantly enhances the accuracy of
paddy rice classification. The biggest difference between with
and without using RPZ occurred in the south—central region
of Vietnam [see Fig. 24(b)], where R? was only 0.45, and
the RMSE was only 108.14 x 10 ha without using RPZ.
After using RPZ, R? reached 0.80 [see Fig. 24(c)]. The reason
for this may be that South—Central Vietnam is a highland
mountainous region, where SAR data are heavily influenced
by the terrain, resulting in poorer paddy rice classification
accuracy without the RPZ.

Due to persistent cloud cover and rain, many pixels in the
MODIS images are missing. After cloud removal, less than
half of the MODO09A1 pixels from 2020 were available [see
Fig. 25(a)]. We calculated the data vacancy rate of paddy rice
samples in Northern Vietnam [see Fig. 25(b)] and the Mekong
region [see Fig. 25(c)]. Northern Vietnam experienced high
data vacancy rates in January, February, March, May, August,
and September, while the Mekong region had high vacancy
rates from April to December. This significant data loss in
2020 impacted the accuracy of the RPZ generation. To mitigate
the effect of data scarcity on RPZ, we merged potential zones
from 2011 to 2020. We plotted the variation curve of the
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RPZ area for 2020 as we gradually expanded the merged
potential zones from the period of 2019-2020 to 2011-2020
[see Fig. 26(a)]. With more potential zones merged, the area of
RPZ obtained is increasing. We also calculated the paddy rice

area included in each merged potential zone result, and the area
variation curve is plotted in Fig. 26(b). The larger the RPZ,
the more paddy rice area it includes, demonstrating the neces-

sity

of merging multiyear potential zones to obtain the

final RPZ.

D. Uncertainty

Compared to the statistical result of the Vietnam statistical
yearbook, our result was a 14% underestimation. A similar
underestimation was observed in other literature [38], [39].
There are reasons to explain the differences.

1) Samples Generation Method: This discrepancy may be

2)

3)

4)

caused by the method used for generating paddy rice
and nonrice samples. Rain-fed paddy rice fields often do
not exhibit a continuous flooding signal, or the flooding
signal may be weak [7]. Since our sample selection
method relies on significant VH value changes covering
the transplanting period, there is a risk of missing
rain-fed paddy rice samples.

MODIS Resolution Limitation: The RPZ is not fully
included in all paddy rice pixels, leading to an underesti-
mation of the paddy rice planted area. We used MODIS
data and optical phenological characteristics of paddy
rice to generate RPZ and then performed paddy rice
classification within the RPZ. However, the pixels of
MODIS data are coarse and there are serious mixed
pixels in mountainous areas. It is challenging to identify
small paddy rice fields in hilly regions using MODIS
data, which will lead to an underestimation of the area
of paddy rice fields.

Terrain and Field Parcel Size: In Vietnam’s mountainous
regions, the field parcels are small and scattered, making
it difficult for 10-m SAR data to accurately identify
them.

Inaccuracies in the Statistical Yearbook: Some of the
discrepancies may also be attributed to potential inaccu-
racies in the Vietnam statistical yearbook [38].

VI. CONCLUSION

In this study, a novel framework was developed to estimate
the annual paddy rice planted area, primarily using Sentinel-1
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SAR data, addressing the challenges posed by the scarcity of
optical satellite imagery and limited reference samples. This
method not only identified the fine spatial distribution of paddy
rice fields in Vietnam for 2020 but also accurately estimated
the paddy rice cropping intensity. The results strongly align
with the statistical yearbook, achieving R? of 0.97, indi-
cating the effectiveness of our approach. Compositing three
consecutive months of VH data, covering the flooding to
transplanting stages of paddy rice fields, enabled the easy
generation of abundant paddy rice and nonrice samples by
visual interpretation. In addition, SAR VH data proved to be
more effective in identifying the spatial distribution of paddy
rice fields and estimating cropping intensity in tropical regions
compared to optical satellite data. Subsequently, there is a need
to develop an automated method for generating paddy rice and
nonrice samples to replace the current visual approach, further
improving the efficiency of annual paddy rice estimation in
tropical regions.
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