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A B S T R A C T

The Vietnam Mekong Delta (the VMD) accounts for about fifty percent of Vietnam’s rice output and faces
significant threats from climate-induced saltwater intrusion, land subsidence, and modified hydrological
patterns. This research utilizes a nine-year Sentinel-1 C-band SAR time series (2016–2024) at a 10 m
resolution to delineate rice cropping intensity and ascertain pixel-level sowing dates throughout the VMD.
We present a two-step, threshold-based methodology that initially utilizes spatial masking to identify
prospective rice pixels. We then apply an Adaptive Savitzky–Golay filter on the VH/VV backscatter ratio
to predict seasonal intervals autonomously. The highest increase in VH backscatter (VHmax_increase) is
calculated for each window and classified using annual, incidence-angle-dependent polynomial criteria,
thus accommodating sensor geometry variability throughout the study site. Validation against 600
reference samples results in overall accuracies ranging from 90.5% to 96%, with peak performance
observed during stable ENSO years. Model-derived total rice acreage estimates correspond within 5–16%
of General Statistics Office statistics. Spatial analysis indicates a transition from primarily triple-cropping
in the upper delta to diminished cropping intensity and an expansion of non-rice land use in coastal
provinces, influenced by consecutive El Niño and La Niña phenomena. Sowing date distributions exhibit
adaptive calendar adjustments of up to 20 days due to high salinity and flooding conditions. These
findings highlight how using an angle-adaptive threshold is useful for rice monitoring and show that
the region is adjusting its methods to cope with changing climate challenges.

1. Introduction
The Vietnam Mekong Delta (VMD), frequently referred to as Vietnam’s

"rice bowl", accounts for approximately 50% of Vietnam’s rice output and
90-95% of its exports (Linh, 2025). This low-lying region covers 40,500
km2 and is inhabited by 21.5 million individuals, supporting a densely
agricultural landscape mostly centered on rice agriculture, which underpins
both livelihoods and ecosystems (Yen et al., 2019a). Rice serves as the
foundation of the VMD’s economy and ecology, with the region yielding 24–28
million tons each year (World Business Council for Sustainable Development
(for Sustainable Development, 2024). Over the recent decades, the delta has
seen unparalleled problems, such as sea-level rise, saltwater intrusion, and
land subsidence influenced by El Niño-Southern Oscillation (ENSO) events
(Yen et al., 2019a; Le Toan et al., 2021). The El Niño phases (e.g., 2015–2016,
2023–2024) intensify salt intrusion, resulting in salinity levels surpassing 4
g/L throughout 1.8 million hectares in 2020 (Yen et al., 2019a,b; Le Toan
et al., 2021). Conversely, extended La Niña occurrences (2020–2022) resulted
in catastrophic floods, inundating 150,000 hectares of autumn-winter crops
in 2020 (Yen et al., 2019a). These factors threaten the ability of the delta to
sustain its rice production and lead to the necessity of adopting adaptation
and mitigation measures. For example, conventional cropping calendars have
been modified: farmers now plant early during El Niño to circumvent drought
and utilize short-duration varieties (85–95 days) to alleviate flood risks (Yen
et al., 2019a,b; Le Toan et al., 2021).
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In this context, accurate rice mapping is critical for multiple stakeholders.
To implement the "One Million Hectares Project" (CGIAR Initiative on Asian
Mega-Deltas, 2024; Institute, 2024) and devise strategies for climate change
adaptation in the delta, government organizations—particularly Vietnam’s
Ministry of Agriculture and Environment (MAE) and the provincial Depart-
ments of Agriculture and Rural Development—need rice maps. International
organizations such as the ASEAN, FAO, and IRRI also use this to monitor food
security and funding. Traditional monitoring methods relying on field surveys
are labor-intensive and spatially limited, making satellite remote sensing
essential for large-scale monitoring (Phi Phung et al., 2020; Zhao et al., 2021).
Furthermore, accurate crop data is necessary for supply chain optimization,
market intelligence, and precision farming solutions, which require detailed
rice distribution for climate research and sustainable agriculture studies.
Carbon market players and environmental organizations can gain from rice
mapping to track the adoption of ecological agriculture and validate methane
emission reductions from sustainable rice practices. Lastly, to develop capacity,
analyze policies, and preserve regional food security throughout the nations of
the Mekong Basin, regional coordinating organizations such as space agencies
and the Mekong Institute require thorough data on rice monitoring.

The VMD’s complex agro-ecosystem—marked by a diversity of physical
conditions (small, fragmented to large fields) and cultural practices (single,
double, and triple cropping systems, with diverse crop calendars)—presents
distinct challenges for remote sensing-based mapping (Nguyen et al., 2016;
Yen et al., 2019b). Flooding during early growth stages, spectral similarities
between rice and other vegetation, and persistent cloud cover complicate
optical satellite-based approaches (Clauss et al., 2018a; Yen et al., 2019b).
Consequently, SAR with systematic data acquisitions, particularly Sentinel-1’s
C-band, has emerged as a vital tool due to its cloud-penetrating capability
and sensitivity to morphological changes of rice (Yen et al., 2019b; Phi Phung
et al., 2020; Phan et al., 2021).

SAR’s all-weather imaging capacity is indispensable in the VMD, where
cloud cover obscures 70–80% of optical data during the monsoon seasons (Yen
et al., 2019b; Phi Phung et al., 2020). Sentinel-1’s dual-polarization (VH/VV)
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and high temporal resolution (6–12 days) enable consistent monitoring of
rice growth stages. The backscatter signal is susceptible to water management
practices and plant structure: low VH/VV ratios (due to specular reflection
over flooded fields), increasing to higher values as vertical rice stems dominate
radar scattering (Nguyen et al., 2016; Phan et al., 2021). Multi-temporal
SAR data thus capture phenological signatures, such as tillering and booting
stages, distinguishing rice from other crops (Dao et al., 2009).

Current approaches to classification of rice versus non-rice pixels in
satellite imagery predominantly fall into two categories: machine-learning
algorithms and threshold-based methods. Machine learning approaches,
including Support Vector Machines (SVM) and Random Forest (RF), have been
applied to SAR time series from Sentinel-1 (Onojeghuo et al., 2018; Thorp and
Drajat, 2021; Zhu et al., 2021; Sheng et al., 2022), sometimes in conjunction
with optical time series from Sentinel-2 (Wang et al., 2022; Jiang et al., 2023;
Onojeghuo et al., 2023; Zhao et al., 2024), and have demonstrated high
classification accuracies (exceeding 95% in optimal conditions), but typically
require substantial training data and computational resources (Onojeghuo
et al., 2018). These methods excel at handling complex spectral and temporal
patterns but may become impractical for large-scale operational monitoring
across diverse regions. Most publications have applied these approaches
only to limited test sites. Conversely, threshold-based methods, which consist
of applying thresholds to indicators derived from the SAR time series, in
particular, the maximum temporal increase of the backscatter observed during
one season (Bouvet and Le Toan, 2011; Clauss et al., 2018a; Phan et al.,
2021) - offer computational efficiency and interpretability by exploiting rice
cultivation’s distinct temporal backscatter patterns (Clauss et al., 2018b).
However, fixed thresholds often fail to account for variability in environmental
conditions, sensor parameters, and agricultural practices across different
regions. The constraints are especially evident when observing rice cultivation
in extensive, diverse landscapes such as the VMD, where sensor viewing
geometry, local agricultural practices, and environmental stressors fluctuate
significantly in both space and time.

This article consolidates nearly a decade of Sentinel-1 observations (2016-
2024) to deliver an unparalleled comprehensive analysis of rice production
evolution in the VMD, documenting methodological advancements in SAR-
based crop monitoring and quantifying the region’s agricultural transfor-
mation in response to climate variability. This comprehensive historical
research demonstrates how the VMD’s rice production systems have adjusted
to intensifying environmental pressures, such as ENSO-induced drought
and flood cycles, saltwater intrusion incidents, and changing precipitation
patterns.

This article introduces two novelties that advance operational rice
monitoring in the VMD with Sentinel-1:

• Methodological improvement in detecting rice using SAR C-band with
customised threshold functions that adjust for changes in Sentinel-1’s
angles (31°- 46°), which improve on older methods that use fixed
thresholds.

• Better understanding the changes in the VMD’s rice cultivation over the
past decade (2016-2024) with the annual crop intensity maps/ seasonal
sowing dates estimations, and the associations with environmental or
climate-change factors (such as ENSO events and salinity).

These methodological advances and long-term observations provide
critical insights for understanding agricultural system resilience and inform
evidence-based policy decisions for sustainable rice production under
accelerated climate change. The integration of high-resolution temporal
monitoring with adaptive thresholding establishes a robust framework that
can be extended to other rice-producing regions facing similar environmental
challenges.

2. Materials and Methods

2.1. Materials
2.1.1. Study site

This delta originally comprised of 13 provinces (Fig. 1a), but after July
1st, 2025, the Vietnamese government reduced it to five provinces in order to
streamline the administrative apparatus (Fig. 1b) without Long An. Since this
work studied the evolution of rice cultivation in the VMD before this change,

all the analyses and discussions throughout the study are based on the old
map.

Figure 1: Vietnam Mekong Delta map before (a) and after July 1st 2025 (b)
following the merging of provinces

Traditionally, farmers leverage three distinct cropping seasons to maximize
land use (shown in Fig. 2):

+ Đông Xuân (Winter–Spring): Sown in November–December, this dry-
season crop relies on controlled irrigation to avoid salinity intrusion and brings
the highest yield (≈ 7.2 t ha-1) thanks to sunny conditions and intensive
water management.

+ Hè Thu (Summer–Autumn): Sown in April–May at the onset of the
monsoon, it is the main wet-season crop under heavy rainfall. Harvested in
August–September before flood peaks. Yields average around 5.2 t ha-1.

+ Thu Đông (Autumn–Winter): Sown in August–September, as an “off-
season” crop, it grows short-cycle varieties (85–90 days) in flood-protected
zones. Yields are lower due to tight timing, higher pest pressure, and residual
flood risks.

Figure 2: Three main rice crops in the VMD and their respective traditional practice
calendars

Rice cultivation in the Mekong Delta of Vietnam predominantly employs
direct wet seeding methods, with most farmers utilizing broadcast seeding
of pre-germinated seeds onto moist soil, followed by controlled flooding
approximately 20-21 days post-sowing (Yu et al., 2019; Nguyen et al., 2022;
Gupta et al., 2023; Phu and Lam, 2023; Nguyen et al., 2024; Chi, 2024).
This traditional practice typically incorporates short-duration, high-yielding
rice varieties such as IR 50404 (80-86 days) and OM 4218 (90-97 days),
facilitating intensive triple-cropping systems and rapid field turnover between
growing seasons (Phan et al., 2018; Phu and Lam, 2023; Chi, 2024). The
conventional broadcast seeding method necessitates substantial seed rates,
often exceeding 180 kg ha−1, and requires water levels of 1-3 cm during initial
growth stages before establishing permanent flooding for weed suppression
(Yu et al., 2019; Ogawa et al., 2022; Nguyen et al., 2024). However, there is a
noticeable trend among progressive farmers towards adopting higher-quality,
longer-duration rice varieties such as Jasmine 85 (95-110 days) and premium
OM varieties, which yield significantly higher market prices despite their
extended growing cycles (Nguyen et al., 2012; Phan et al., 2018; Chi, 2024).
Additionally, a small but growing number of operations are implementing
mechanized transplanting and precision seeding technologies, including drum
seeding and mechanized direct, which reduce seed consumption by 61-83%
(Nguyen et al., 2024) while maintaining comparable yields.
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2.1.2. Data descriptions
Image data This study exploited Sentinel-1 C-band SAR data from
October 2015 to 2024, including the whole the VMD region. The Sentinel-
1 constellation, consisting of S1A and S1B, delivered dual-polarization
(VH+VV) Ground Range Detected (GRD) products in Interferometric Wide
(IW) swath mode with a spatial resolution of 10 meters (Sentinel-1 GRD, nd)
(Fig. 3)

In the extensive, low-lying geography of the VMD, employing Sentinel-1
images from a uniform orbital direction—specifically descending mode in
this analysis—offers considerable benefits over the mixed-orbit methods.
Consistent orbit selection guarantees equal incidence angles and gaze
direction throughout the research zone, reducing backscatter variability
that might complicate temporal analysis (S1 Applications, nd; Kumar et al.,
2022). Using singular orbital direction images avoids angular artifacts in
backscatter time series and distinguishes phenological signals from geometric
variability from different viewing geometries. This reduces multi-orbit data
fusion residual noise and geometric harmonization computing burden,
improving operational and processing efficiency. The integration of ascending-
descending acquisitions creates temporal artifacts from morning and evening
plant activity, dew generation, and solar influence, reducing crop phenology
detection reliability.

Figure 3: The Vietnam Mekong Delta with Sentinel 1 scenes overlaid is covered by
10 tiles in S1Tiling

The French Spatial Agency (CNES)-developed S1Tiling software (“S1Tiling”
1.0.0rc2 Documentation, nd) was used for Sentinel-1 GRD pre-processing.
It provides an efficient and automated procedure that includes calibration,
orthorectification, and systematic organization of SAR imagery. Initially,
the data underwent radiometric correction to the sigma nought (σ0[dB])
backscatter coefficient to mitigate the impact of the incidence angle range
(31°- 46°) over the research area. Eliminating thermal noise simultaneously
reduced system-induced artifacts. Multi-looking in the ground range reduced
preprocessed data speckle noise (Sentinel-1 GRD, nd).

Orthorectification uses Range-Doppler terrain correction and SRTM-GL1
geometric correction. SRTM GL1 30m provides appropriate resolution, radar
compatibility, clean, void-filled data, and easy interaction with S1Tiling
over flat but hydrologically complicated terrain like the VMD. This DEM is
trustworthy and efficient for Sentinel-1 data geometric rectification and time-
series analysis (Rodríguez et al., 2006; Minderhoud et al., 2019; Earth Science
Data Systems and NASA, 2025). Optical data integration and homogenous
spatial coverage were achieved by automatically truncating preprocessed
scenes to fit Sentinel-2 tiling (Alexandre et al., 2020). Finally, a multi-temporal
filter (Quegan and Yu, 2001) was applied in order to reduce speckle noise
further while preserving the spatial resolution.

For time series analysis, preprocessed pictures were structured into a
dataset with all backscatter coefficients and spatial and temporal dimensions.
When both S1A and S1B were working, the dataset had 6-day revisit intervals,
but when only one satellite was working (2016 and post-December 2021, due
to S1B failure), it had 12-day intervals.

Sample data and ground data The study included 1200 rice field
samples (shown in Fig. 4) and 800 non-rice object samples from the
VMD region to reflect a variety of growing environments and agricultural

techniques. Among the rice samples, 85 fields were collected during field trips.
The rest were visually selected based on their appearances in the historical
optical imagery of Google Earth Pro (Google, 2025), and rigorously reviewed
against the Sentinel-1 backscatter time series from late 2015 to 2024 to
ensure continued rice cultivation. Each sample includes a rice paddy field (at
least 300 m2). The example fields must meet these criteria:

Figure 4: The distribution of 1200 sample rice fields throughout the MKD. An Giang,
Bac Lieu and Tra Vinh are the provinces where the ground data were collected

• Its backscatter temporal profile shows a visible rice seasonal pattern
(Fig. 5), with each season lasting for at least 90 days (short-cycle rice)

• The minimum VH backscatter value of each season must be below -19
dB (representing the flooding at the early stage)

• There was no sign of inter-cropping of other crop types between seasons
in one year (to avoid confusing rice with other vegetation crops).

Figure 5: An example of VH backscattering time series of a rice field sample in An
Giang with triple crops during 2016-2020, 2022-2023 and double crop in 2021, 2024

• Collection of Ground Data

Three representative provinces—An Giang, Bac Lieu, and Tra Vinh—were
the focus of the ground sample collection strategy. These provinces were
chosen due to their varied incident angles in Sentinel-1 imagery (centered
around 44°, 37°, and 31°) to allow for a comprehensive investigation of
backscatter temporal profiles under diverse incidence angles. An Giang in the
upper delta has extensive triple-cropping systems, Bac Lieu in the coastal area
has rice-aquaculture rotation, and Tra Vinh has typical double-cropping.

The nine-year study span made ground observations at the same locations
difficult. About 85 fields in the three targeted provinces provided recent
ground truth data from 2024 to 2025. Through farmer interviews and
interactions with local agricultural groups, these sites obtained comprehensive
agricultural data. This data covered sowing dates, harvesting intervals,
Alternate Wetting and Drying (AWD) methods, rice varietals, and growth
lengths. (Fig. 6)

• Sample dataset organization
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Figure 6: Gound data collection in some rice fields in An Giang, Bac Lieu & Tra
Vinh

The complete sample collection was systematically divided into two halves
for separate analytical purposes. For training, the first subset of 600 fields was
used. The remaining half, including 85 fields with current ground truth data,
was designated for validation and accuracy assessment of the classification
results.

Despite the scarcity of continuous ground observations, the Sentinel-1
time series analysis, which confirmed the temporal regularity of rice cultiva-
tion at these sites, provided trustworthy training data for the classification
algorithm.

3. Theory

3.1. Principle of rice detection with SAR
Previous studies, such as Bazzi et al. (2019) and Xu et al. (2023) (Fig.

7a), evidenced that the VH backscatter temporal profile in a rice season has a
unique pattern when compared to other crop types. Rice’s VH backscatter is
noticeably low in the early phase when the fields are flooded, then steadily
increases due to plant height, soil moisture, and structure. Finally, it reduces
gradually when rice plants start to bend down. Phan et al. (2021) (Fig. 7b)
mentioned that the sowing date can be estimated only after about 20-24 days
(corresponding to 4 Sentinel-1 images of 6 days revisit), as it is necessary to
wait until the VH/VV ratio reaches its minimum and starts increasing again.
The VH/VV temporal profile peaks 60 days after sowing, when rice plants
reach their maximum height. This principle serves as the foundation for the
sample selection in this work.

3.2. Incident angles effects
While the VH/VV ratio provides clear phenological signatures, Phan et

al., 2021 suggested using the VH backscatter increase within a season as a
classification feature to discriminate rice fields from other land use classes.
A significant limitation of Sentinel-1 for such approaches lies in its variable
incidence angles (31°–46° across the VMD), which alter backscatter coefficient
values (σ° [dB]) for the same land cover (Dao et al., 2009; Nguyen et al.,
2016). For instance, σ°(dB) in mature rice fields decreases by 0.2–0.5 dB per
degree increase in incidence angle due to reduced double-bounce scattering,
and also the cosine variation of volume scattering (Nguyen et al., 2016;
Topouzelis et al., 2016; Arellano et al., 2019; Kaplan et al., 2021). This
variability introduces classification errors when fixed thresholds are applied
universally. Study by Phan, 2018 demonstrated that VH backscatter temporal
profiles differ markedly between An Giang (44° incidence) and Ben Tre
(31°), with the latter showing higher σ°(dB) variability. Such discrepancies
necessitate localized calibration to avoid misclassifying urban or water pixels
as rice.

To address these incidence angle limitations, some past studies have
applied an incidence angle normalization on wide-swath SAR images in the
form of linear (Nguyen et al., 2015) or polynomial (Phi Phung et al., 2020)

Figure 7: Comparisons between the Sentinel-1 backscattering temporal profile of rice
and other crop types in VH (source: Xu et al., 202343) and (b) the local minimum of
VH/VV on around 20th day for sowing date estimation (source: Phan et al.,202112)

Figure 8: MKD covers a wide range of Sentinel-1 incidence angles. A comparison
of rice VH backscatter’s temporal profiles at 3 areas with different incidence angles

regressions. However, the dependence of the backscatter on the incidence
angle relies on several factors (thermal noise pattern, angular behavior of
water surfaces, angular behavior of rice canopy, etc.), which are difficult
to model and will vary with the phenological stage. It can therefore not be
adequately corrected using a single correction (e.g., linear or polynomial
regression) applied to each image. Instead, we propose directly analyzing
the angular dependency of the calculated classification feature, i.e., the
VH backscatter increase within one season, to empirically find the optimal
threshold value for rice classification at each incidence angle.

The Fig. 8 displays VH backscatter temporal characteristics at three distinct
incidence angles in the VMD:

• Low Incidence Angle (31° - Tra Vinh/ Ben Tre): VH backscatter range -21
dB to -12 dB, maximum amplitude between peaks and troughs, most
significant temporal fluctuations, maximum increase: approximately
6-7 dB.

• Moderate Incidence Angle (37° - Bac Lieu/ 38-39° - Long An): VH
backscatter range -32 dB to -13 dB, moderate amplitude fluctuation,
maximum increase: around 8-9 dB, more distinct seasonal trends.

• Elevated Incidence Angle (44° - An Giang/ 46° - Kien Giang): VH
backscatter range -25 dB to -13 dB, reduced amplitude between peaks
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and troughs, consistent temporal pattern with reduced variability. Peak-
to-trough maximum increase: around 7-8 dB.

4. Methodology
The method to map rice fields and rice sowing date adopted in this article

builds upon a previous study by Phan (2018), which suggested that in the
VMD, rice fields can be detected by applying a threshold on the maximum
increase observed in VH backscatter time series over a season. The sowing
dates can be estimated using the time series of the ratio of VH to VV (VH/VV
ratio). Two caveats were identified. First, in order to calculate the maximum
increase over a season, the typical crop calendar must be known (such as
the one in Fig. 2). However, the dates of each season at a given location
can change significantly from one year to another, for example, to follow
local predictions for climate events. Therefore, there is a need to develop
an approach capable of automatically detecting the dates of the rice season.
For large-scale applications, variations in incidence angle within a Sentinel-1
image affect the backscatter values and, consequently, the thresholds to be
applied to the maximum increase features. This indicates that incidence-angle-
dependent thresholds should be used instead of fixed thresholds.

The present study aims to propose an approach that addresses these
two caveats. After a first step where non-rice areas are masked out and the
remaining areas are marked as potential rice pixels, an automatic detection of
rice seasons is developed based on a year-long time series of the VH/VV ratio
(section 4.1 - Fig. 10). The resulting cropping intensities are consolidated by
detecting rice fields using incident-angle-dependent thresholds on the VH
maximum increase within each season (section 4.1.1.2. The methodology is
summarized in Fig. 9.

Figure 9: Flow chart illustrates this study’s method processing steps

• Mask out non-rice pixels to retrieve potential rice pixels

Prior to rice classification, non-rice pixels can be masked using their dis-
tinctive backscatter characteristics in SAR imagery. Water bodies consistently
exhibit very low backscatter values due to specular reflection, with VH values
typically below -20 dB (Tian et al., 2023). Urban areas and artificial structures,
conversely, maintain consistently high backscatter values throughout the year
due to strong double-bounce scattering from buildings and infrastructure
(Clauss et al., 2018a). Natural vegetation and forests also show relatively
stable high backscatter values due to volume scattering from their canopy
structure, typically ranging from -8 to -15 dB in VH polarization and -2 to -13
dB in VV polarization for dense forest areas (Arellano et al., 2019; Ma et al.,

2023; Escobar-Ruiz et al., 2024). These values show minimal variation across
Sentinel-1’s incidence angle range since the cosine correction factor between
30° and 46° incidence angles (cos 30° = 0.866 vs cos 46° = 0.695) represents
only a 20% difference that is largely absorbed by the natural variability in
volume scattering mechanisms (Topouzelis et al., 2016; Arellano et al., 2019;
Kaplan et al., 2021; Zhang et al., 2021).

The masking process involves a two-step thresholding approach. First,
water bodies are eliminated using their characteristically low VH backscatter
values (average σ° ≤ -20 dB) (Bouvet et al., 2009; Tian et al., 2023). Then,
built-up areas and permanent vegetation are masked out using their minimum
VH backscatter values throughout the time series, as these remain consistently
above -10 dB. This dual thresholding removes most non-agricultural pixels,
leaving primarily cropland areas for subsequent rice detection analysis (Ma
et al., 2023). However, some confusions persist where backscatter values
overlap between different land cover types. For instance, newly planted
rice fields with standing water can exhibit backscatter signatures similar
to permanent water bodies (-28 to -20 dB). In comparison, mature rice
approaching harvest may show backscatter values comparable to other
vegetation types (-17 to -12 dB)41. To address these ambiguities, temporal
analysis of backscatter patterns becomes crucial, as rice exhibits distinct
temporal variations compared to other land covers, particularly in the VH
polarization (Phan et al., 2021; Bouvet et al., 2009). The effectiveness of
this masking approach has been demonstrated across various studies in the
VMD, achieving classification accuracies exceeding 85% when combined with
subsequent temporal analysis (Clauss et al., 2018b).

4.1. Automatic detection of rice season dates
When compared to individual VH or VV polarizations, which exhibit

relatively complex backscatter variations within one rice season, the VH/VV
ratio recorded in rice fields provides a time series that has a relatively simpler
and more visible behavior (Phan et al., 2021) (Fig. 7b). This ratio normalizes
ambient backscatter variations while enhancing structural changes in the
rice growth stage. Although these VH/VV profiles resemble those observed
in other cereal crops (Veloso et al., 2017) and are therefore less suitable for
rice detection than VH or VV temporal profiles because of potential confusion
with other crops, they match the rice phenological development (Bazzi et al.,
2019) and can be used to accurately estimate rice season dates.

The rice sowing event generates a marked change in canopy structure and
water–vegetation interactions, which both VH and VV channels capture. By
taking the ratio, common-mode fluctuations—such as soil moisture dynamics,
incidental rainfall, or atmospheric effects—are largely canceled out, while
the relative enhancement of VH/VV during early vegetative stages produces a
distinct rise that aligns closely with the emergence of seedlings (Fig. 7b). The
ratio exploits the complementary scattering behavior of the two polarizations,
enhances radiometric robustness, and sharpens the hydrological signature
of paddies. These characteristics provide a more dependable indicator for
identifying the starting point (a.k.a. sowing date) of rice cultivation compared
to the conventional VH time series.

In contrast, rice identification throughout the crop cycle benefits more
from using VH polarization alone, because VH backscatter is highly sensitive
to multiple scattering within the rice canopy—particularly the interaction
of radar waves with vertical stems and leaves—and thus provides strong
discrimination between rice and non-rice classes. Thus, to obtain more precise
VH customised thresholding functions later, the VH raw time series should
be preserved for accurate backscatter variation (used to determine VHmax-
increase). Hence, a smoothing filter is applied only to the VH/VV ratio time
series for easier detection of sowing dates.

Adaptive Savitzky-Golay smoothing The Savitzky-Golay smoothing
preserves typical temporal patterns and reduces noise, making local extrema
corresponding to major phenological transitions in rice growth cycles easier to
spot (Ma et al., 2023). Conventional Savitzky-Golay (SG) filtering, which uses
fixed window lengths, is insufficient for handling heterogeneous temporal
profiles. Hence, the Adaptive Savitzky–Golay (ASG) (Ochieng et al., 2023)
smoothing algorithm was implemented to tackle the issue of fluctuating
temporal patterns in rice cultivation throughout the VMD, where cropping
intensities vary from single to triple crops per year.

The algorithm determines the optimal window length for each pixel
through a three-step process (Fig. 10):
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• Fig. 10a: identify the FFT dominant frequency (in days) of a pixel’s
yearly time series

• Fig. 10b: evaluate the detected FFT period against the data acquisition
interval and select the lesser value (Tian et al., 2023; Sentinel-1 GRD,
nd)

• Fig. 10c: optimal adaptive window length is the nearest odd integer
that meets or exceeds the selected temporal interval (Tian et al., 2023)

The efficacy of adaptive SG smoothing is notably evident in regions with
mixed cropping intensities (Fig. 10), where fixed-window methods may
either excessively smooth triple-cropping patterns or insufficiently smooth
single-cropping signals. The algorithm performs well in the VMD’s varied
agricultural settings, making it easier to identify specific rice growth stages
and enhancing the accuracy of mapping crop intensity.

Figure 10: Example of a rice pixel’s VH/VV ratio time series after applying the
ASG filter defined by three steps

Seasonal patterns detection & sowing dates estimation As
evidenced by Phan et al. (2018), the temporal evolution of Sentinel-1 VH/VV
ratio backscatter provides a direct proxy for rice phenological development
due to its sensitivity to structural and hydrological changes in rice fields.
During the first twenty days after sowing, while the young rice plants grow
over moist soil, the rice canopy becomes denser, and an attenuation in volume
and double-bounce scattering is observed, which is more important at VV
than at VH because of the vertical structure of the rice plants, leading to an
increase in the VH/VV backscatter until about 65 days after sowing, where it
reaches a plateau until harvest. These temporal behaviors (decrease of VH/VV
during the first 20 days followed by an increase) result in a typical pattern
that repeats cyclically up to three times a year for triple cropping systems,
for instance, generating three identifiable seasonal windows separated by
90–120 days (Nguyen et al., 2015).

Algorithmically, sowing dates are derived by backtracking 20 days from
the local minimum of VH/VV (Fig.11b). This interval accounts for:

• Seedling establishment: 20 days post-sowing under direct-sowing
practices

• Early tillering: 10–14 days until radar-detectable biomass accumula-
tion.

• Finally, temporal constraints require valid seasonal windows: consecu-
tive local minima must be ≥ 90 days apart (Fig. 11a), and backscatter
amplitude differences (max-min) must exceed 5 dB to filter false
positives from non-rice land covers (Nguyen et al., 2015).

4.2. Rice detection using VH backscatter increase and
incidence-angle-dependent thresholds

Generally, the maximum backscatter values observed in rice fields at
different incidence angles are relatively stable (around 12-13 dB), but the

Figure 11: Local extremes detection on an ASG smoothed ratio time series. a)
Green vertical lines show the dates on which local minima were detected b) Dashed
red vertical lines show dates traced back 20 days from the dates in (a)

minimum backscatter values differ drastically: from -32 dB to -21 dB. This
can be explained by the fact that the backscatter of the water surfaces varies
with the incidence angle and is also affected by the thermal noise patterns in
the three sub-swaths of Sentinel-1, even though a thermal noise correction
is applied. As a consequence, the VH backscatter increase is also severely
affected by the incidence angle. The consistent fluctuation in backscatter
response at different incidence angles requires an angle-dependent threshold
method for precise rice detection in the VMD. To develop customized
threshold functions for rice detection, the VHmax_increase parameter must
first be computed for each potential rice pixel.

Fig. 12 demonstrates the two-step process for computing VHmax_increase.

• Fig. 12a panel shows the smoothed VH/VV ratio time series after
applying the Adaptive Savitzky-Golay filter, with local minima and
maxima clearly identified, as explained in Section 4.1. The green
shaded area represents a seasonal window, from approximately 25
days before a local minimum to the following local minimum in the
ratio time series.

• Fig. 12b panel displays the raw VH backscatter time series, where
the seasonal window identified from the ratio analysis is projected
(green shaded area). Within this window, local extremes in the VH
signal are detected to compute the VHmax-increase, which is defined
as the difference between the maximum and minimum VH backscatter
values during the rice growing season. This approach ensures that
the temporal dynamics specific to rice cultivation are captured while
minimizing confusion with other land cover types.

Figure 12: Illustration of how the VHmax_increase is computed

An empirical analysis of the 1,200 sample fields described in Section
2.1.2.2 revealed significant incidence angle (θ) effects on backscatter metrics.
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Fig 13 shows box plots of the VHmax-increase parameter in the rice pixels and
in the non-rice pixels, per 1° incidence bins for the three rice crops in 2023.
The VHmax-increase of the rice pixels generally shows lower values for the
extreme near-range and far-range incidence angles (around 9dB) and higher
values in intermediate incidence angles (around 12dB). The VHmax_increase
of the non-rice pixels remains relatively stable around 3dB. The study by
Bouvet et al. (2010) showed that for classification methods based on SAR
intensity ratios, the optimal threshold to distinguish between two classes
is the geometric mean between the intensity ratios of the two classes, and
therefore the arithmetic mean when these intensity ratios are expressed in dB.
Based on this same concept, the distinguishing threshold is retrieved from
the collected samples. Fig 13 shows a quadratic polynomial fit of this optimal
threshold (in green):

∆threshold = aθ2 + bθ + c (1)

These customized threshold functions were computed annually to account
for the significant evolution of rice cultivation practices throughout the study
period. Each annual function was derived from the VH backscatter time series
spanning three main rice seasons: Winter-Spring (WS), Summer-Autumn
(SA), and Autumn-Winter (AW). A complete annual cycle typically extends
from September of the preceding year through November of the current year.
However, these temporal boundaries may shift based on the detection of local
minima in the backscatter profiles. The customized threshold functions of all
years (2016-2024) are shown in Fig. 14.

For a given year, the optimal classification threshold varies by more than
1.5dB between extreme and intermediate incidence angles, and for a given
incidence angle, the optimal classification threshold varies by about 0.5dB
between years. This indicates that accounting for incidence-angle variability
is more important than interannual variability.

The temporal variation in these functions may reflect the adaptation
of rice practices to environmental stressors, particularly during extreme
events such as the 2015-2016 El Niño and the 2020-2022 La Niña episodes.
The functions demonstrated higher thresholds during years with favorable
growing conditions and lower thresholds during stress periods, when reduced
biomass development and reduced water availability resulted in diminished
increases in backscatter.

Figure 13: The distributions of VHmax_increase for rice (blue/purple) and non-rice

(orange/yellow) samples per 1° incidence bins for the year 2023. The blue and red
lines represent the mean values, and the green curve is a polynomial of the optimal
classification threshold to distinguish between rice and non-rice, defined as the
average value (in dB) of the mean values of VHmax_increase in the rice and non-rice
classes

5. Results

5.1. Threshold functions by year
Fig. 14 displays the customized threshold functions for rice detection

across different years (2016-2024), showing the relationship between
backscatter VHmax_increase and incidence angles. Each curve represents

a distinct year’s threshold function, with notable parameter variations.
The functions consistently show quadratic shapes with peaks around 37-
39 degrees incidence angle, where the VHmax_increase threshold reaches
approximately 7.5-8.0 dB. The 2018 function (yellow curve) exhibits the
highest threshold values across all incidence angles, while the 2022 function
(pink curve) shows the lowest thresholds. At near-range (31°) and far-range
(46°) incidence angles, the threshold values decrease to around 6.0-6.5
dB, reflecting the reduced sensitivity of VH backscatter at extreme viewing
geometries. The convergence of most curves between 2016 and 2022 suggests
relatively stable rice cultivation practices during this period, while the distinct
deviation of the 2023 curve likely indicates adaptation to the strong El
Niño conditions that emerged that year. The year 2022 is a special case, as
its function was the lowest among all years. This is due to the fact that,
during the dry seasons 2021-2022 and 2022-2023, the VMD witnessed
earlier and more severe salinity intrusions compared to the previous years
(Linh, 2022; Hung, 2022; Aalst et al., 2023). Additionally, throughout 2022,
several projects were launched by the government and collaboration teams
to promote low-GHG-emission rice production (Minh Dam and Anh, 2021;
Leon and Taro, 2022,?; SNV Netherlands Development Organisation, 2025).
These projects were implemented in key rice landscapes (An Giang, Kien
Giang, Dong Thap, and Tra Vinh), where AWD and other sustainable rice
production technology packages were experimented with. The combination
of strong salinity intrusions and AWD application on a large scale narrows
the variation between the local minimum and local maximum backscatter
(a.k.a VHmax_increase), forming the 2022 customized threshold function low
despite being in a La Niña phase.

Figure 14: Combination of 8 annual customized threshold functions for the 2016-
2023 period

5.1.1. Automatic detection of rice seasons and calculation
of the VH maximum increase

Rice cultivation in the VMD comprises diverse cropping practices from
one season per year (single crop) to an intense triple-crop per year. Besides
changing based on the hydrological system and topographic characteristics of
sub-regions, the number of annual crop intensities also reflects adjustments in
rice practices in response to various factors, including hazardous events
(drought, flood, salinity, etc.), policy modifications, climate-smart and
sustainable practice methods. Rice crop intensity mapping gives insights into
the interannual and long-term evolution of the VMD’s rice production. The
complex and variable cropping intensity in the VMD represents a challenge
for the automatic detection of rice seasons from Sentinel-1 time series.

As evidenced by Phan et al. (2018), the temporal evolution of the Sentinel-
1 VH/VV ratio backscatter provides a direct proxy for rice phenological
development due to its sensitivity to structural and hydrological changes
in rice fields. During the first twenty days after sowing, while the young rice
plants grow over flooded soil, the VV and VH backscatter becomes dominated
by a strong double-bounce mechanism, which is more important at VV than
at VH, and to a lesser extent by volume scattering. After that, the rice canopy
becomes denser, and an attenuation in volume and double-bounce scattering
is observed due to the vertical structure of the rice plants, leading to an
increase in the VH/VV backscatter until approximately 65 days after sowing,
after which it reaches a plateau until harvest. These temporal behaviors
(decrease of VH/VV during the first 20 days followed by an increase) result
in a bell-shaped pattern that repeats cyclically up to three times a year for
triple cropping systems, for instance, generating three identifiable seasonal
windows separated by 90–120 days (Nguyen et al., 2015).
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5.2. Assessment of the classification algorithm &
Validation

5.2.1. Accuracy of the threshold functions by the samples
The classification accuracy of the customized threshold functions was

rigorously evaluated using the reserved 600 validation samples distributed
across the VMD region. Fig. 15 illustrates the temporal evolution of
classification performance from 2016 to 2024, revealing substantial variations
in accuracy metrics across different years. The highest overall accuracy at
pixel level was achieved in 2021-2022, with values consistently exceeding
95%, coinciding with the period of moderate ENSO conditions when rice
cultivation practices remained relatively stable. By contrast, the lowest pixel-
base accuracy (90.5%) was observed in 2020, following a period during which
significant changes in cropping patterns and water management practices
were observed. This reduced performance likely stems from anomalous
backscatter signatures associated with drought-stressed rice plants and
modified irrigation schedules. The more recent years (2023-2024) show
a slight decline in accuracy to approximately 92-94.5% on pixel level,
potentially reflecting the increasing complexity of agricultural adaptation
strategies in response to environmental stressors. This spatial discrepancy
validates the necessity of the incidence-angle-dependent threshold approach,
as the polynomial functions performed best in regions where backscatter
dynamics were most distinct. The consistent performance across most of the
validation period demonstrates the robustness of the customized threshold
functions in accommodating both the spatial variability of sensor geometry
and the temporal evolution of agricultural practices.

Figure 15: Overall accuracy trends through the years when assessing the results
with the validation samples: fixed thresholding (red line), adaptive thresholding by
annual functions (blue line), adaptive thresholding by all years’ average function
(green line), and average accuracies of each method in dashed lines

The comprehensive evaluation of the rice classification algorithm over
nine years (2016-2024) by confusion matrix analysis exhibits robust per-
formance, as shown in Fig. 16, with notable temporal variations linked
to environmental and methodological factors. The overall categorization
accuracy ranged from 90.5% to 96.1%, with a mean accuracy of 93.84%. The
adaptive threshold approach effectively distinguished rice and non-rice pixels
in the VMD.

The producer’s accuracy for rice classification, indicating the algorithm’s
sensitivity in identifying actual rice pixels, was continuously high, with a
mean of 94.76% and a range of 91.00% to 97.00%. This figure indicates the
model’s efficacy in minimizing omission mistakes, which occur when actual
rice areas are misclassified as non-rice. The producer’s accuracy for non-rice
areas (specificity) exhibited some variability, averaging 92.47%, ranging from
87.00% to 95.25%. This indicates that distinguishing between agricultural
and non-agricultural areas was occasionally challenging.

The accuracy metrics for users, indicating the reliability of positive classifi-
cations, performed exceptionally, with an average precision of 94.98% for rice
users, ranging from 91.64% to 96.81%. The approach effectively minimized

commission mistakes, wherein non-rice pixels could be inaccurately labeled
as rice. The accuracy of non-rice users averaged 92.18%, ranging from
86.92% to 95.47%. The temporal study indicates that 2021 achieved the
best overall accuracy at 96.1%. This occurred due to sustained La Niña
conditions, which led to more consistent agricultural practices and reduced
environmental pressures. Conversely, 2020 exhibited the lowest accuracy
at 90.5%. This resulted from challenging environmental conditions, such
as drought stress and alterations to irrigation schedules that modified the
typical backscatter characteristics. This temporal variability underscores the
algorithm’s sensitivity to climate-induced changes in rice cultivation patterns.
It confirms the necessity for annual threshold function calibration to adjust to
evolving agricultural practices driven by environmental stressors such as El
Niño events.

Figure 16: Confusion matrices for the customised thresholding functions by year,
with the respective producers’ and users’ accuracies

5.2.2. Assessment versus statistical total rice area
Table 1 presents a comprehensive comparison of total rice planted areas

across the VMD region from 2016 to 2023, measured in hectares. The
values highlighted in yellow represent area calculations derived from the
customized threshold functions developed for each respective year, while the
official statistics from the General Statistics Office of Vietnam (GSO) provide
the reference benchmark. The pink-highlighted cells indicate the years in
which the model-derived estimates most closely matched the official statistics,
demonstrating the temporal variability in model performance.

Table 1
Total rice planted areas (in thousands ha) by year, computed from their respective
functions (yellow highlighted) compared with official statistics by GSO. Pink-
highlighted cells indicate the figures closest to the respective year’s statistics.

Function 2016 2017 2018 2019 2020 2021 2022 2023 2024 Average

2016 4613.13 5232.27 4844.25 4898.14 4691.21 4640.78 4775.94 4746.81 4297.15 4593.84

2017 4910.97 4541.02 5025.6 5037.45 3507.58 4536.55 4803.04 4798.84 4407.66 4489.21

2018 5244.54 5233.5 4444.6 4885.95 5132.72 4483.79 4612.75 4527.12 4294.01 4021.19

2019 4870.28 4891.04 4289.3 4478.97 4027.96 4449.7 4790.73 4751.86 4180.05 4167.54

2020 5180.46 5076.68 5096.44 4886.18 4130.11 4033.29 4367.27 4095.05 4133.08 3894.35

2021 5061.62 4613.41 4945.48 4951.86 4228.51 4054.63 4411.23 4381.22 4340.25 3996.87

2022 5012.07 4977.44 4989 5093.74 4808.64 4420.38 4107.1 4408.07 3973.8 4352.11

2023 5295.36 5213.43 4828.7 5267.64 4802.3 4699.35 4206.3 4179.24 4391.63 4257.68

2024 4947.08 4602.7 4763.21 4682.09 4260.11 4256.84 4305.47 4688.05 3886.95 4018.76

GSO
statistics

4241.1 4185.3 4107.5 4069.3 3963.7 3898.6 3802.7 3838.6 3858.5

This comparative analysis reveals the effectiveness of the incidence-
angle-dependent threshold approach, with accuracy levels ranging from
approximately 88% in extreme ENSO years to over 94% during stable
environmental conditions. The table further highlights the challenges in
accurate area estimation during years of significant environmental stress,
particularly in 2016 (strong El Niño) and 2023 (renewed El Niño conditions),
where greater discrepancies are observed between estimated and official
figures.

As seen on Fig. 17, the mean estimated rice planted areas (in green line)
are consistently higher than the official statistics areas around 5-16% for every
year during 2016-2023. However, most rice fields in the VMD are owned
and managed by household farmers, who usually plan their own agricultural

8 of 14 https://www.recentadvancesin.com/remote-sensing



Thao et al. Recent Advances in Remote Sensing 1 (2026)

Figure 17: Comparison of the total rice area between each year’s estimation and the
official statistics. The box plot shows the uncertainty ranges of estimations when
applying the function of a certain year to others.

practices, meaning that the farmers might not always report accurately to the
government. This makes the figures for total rice planted in reality higher
than the statistics, hence closer to our estimations.

Among all 13 provinces of the delta, Long An and An Giang witnessed the
highest overestimations in rice planted areas throughout the study period,
with errors averaging above 15% (Fig. 18). This may be due to the confusion
between double-crop and triple-crop pixels, where every triple-crop pixel
contributes to the total rice area of 100 m2, compared to double-crop pixels.
In contrast, the annual rice areas were always underestimated in Ben Tre for
every year, with errors usually below -10% (Fig. 18), which could be due to
the loss of rice pixels being defined as non-rice near the coastal region.

Figure 18: Rice planted area errors (in ha) by provinces in comparison with official
statistics during 2016-2024

5.3. Annual crop intensity maps
Fig. 19 depicts the annual rice crop intensity maps from 2016 to 2024,

revealing pronounced regional variations and temporal shifts in cultivation
patterns across the VMD. The color coding distinguishes between single-
cropping (red), double-cropping (green), and triple-cropping (blue) systems.
These spatial patterns clearly illustrate the gradient of vulnerability from
the upper to the lower delta, with coastal regions showing earlier and more
pronounced adaptation responses to environmental stressors.

• Upper Delta Region (An Giang, Dong Thap)

– Maintained relatively stable triple-cropping systems (blue areas)
from 2016 to 2020.

– A slight reduction in triple-cropping areas was observed from
2021-2023, with some regions shifting to double-cropping (green
areas)

– The transition appears most pronounced in peripheral areas,
while core agricultural zones retained intensive cultivation
patterns

• Middle Delta Region (Can Tho, Vinh Long)

– Predominantly double-cropping systems (green areas) with
scattered triple-cropping zones

– Gradual decrease in triple-cropping areas from 2019 onwards

– More dynamic shifts between single and double cropping patterns,
particularly evident in 2020-2022 during La Niña conditions

• Coastal Provinces (Bac Lieu, Soc Trang, Tra Vinh)

– Most dramatic changes observed in cropping intensity

– Progressive reduction in double-cropping areas from 2016 to
2023

– Clear trend of agricultural adaptation with some areas transition-
ing to rice-aquaculture systems

• Peninsula Region (Ca Mau, Kien Giang)

– Historically dominated by single and double-cropping patterns

– Notable decrease in cultivated area from 2020-2023

– Substantial increase in non-rice areas, particularly in coastal
zones

– Most vulnerable to saltwater intrusion, showing the earliest signs
of cultivation pattern changes

The temporal evolution shows a general trend toward reduced cropping
intensity, particularly in coastal areas, reflecting the combined impacts of
environmental stressors and adaptation strategies. This pattern is most
pronounced in the transition from 2020 to 2023, coinciding with the shift
from La Niña to El Niño conditions.

Figure 19: The annual crop intensity maps through the years (2016-2024)
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5.4. Sowing dates estimations
Fig. 20 presents probability density function (PDF) curves showing the

distribution of sowing dates for the three main rice seasons—Winter-Spring
(WS), Summer-Autumn (SA), and Autumn-Winter (AW)—across the VMD
from 2016 to 2024. The curves reveal distinct temporal shifts in sowing
patterns corresponding to ENSO phase transitions.

During the El Niño periods of 2019-2020 and 2023-2024, the Winter-
Spring crop showed an earlier sowing peak by approximately 15-30 days
compared to standard years, reflecting farmers’ adaptation strategy to avoid
peak salinity periods by using Climate-Smart Map and Adaptation Plan (CS-
MAP) (SEA et al., 2020; CGIAR Research Program on Climate Change et al.,
2020; Institute, 2023). These adjustments were made after learning from the
massive agricultural losses in 2016 (221,000 ha of rice, 6,500 ha of vegetables,
and 26,500 ha of fruits, equivalent to $210 million) due to the worst drought
and salinity in history (PV Group, 2016; Wikipedia, 2016; VnExpress, 2016).

The Summer-Autumn distributions show greater variability during La
Niña years (2017-2018), with broader, more dispersed curves indicating less
synchronized planting across the region.

Figure 20: The PDF curves show the distributions of sowing dates for each main
season (WS, SA & AW) for each year from 2016 to 2024

The Autumn-Winter distributions show the most visible year-to-year
variations, with some regions completely skipping this season during strong
El Niño years, resulting in bimodal or attenuated distribution curves. These
temporal shifts highlight farmers’ flexibility in adjusting planting calendars
in response to changing environmental conditions, with sowing decisions
increasingly driven by climate forecasts rather than traditional agricultural
calendars.

Moreover, the estimated sowing time average deviations compared to
each season’s reference baseline date (Fig. 21) highlight that:

• The Winter-Spring rice season (normally December to February) faces
the most severe climate-related disruptions and consequently requires
the most calendar adjustments, especially in coastal provinces, while
the upper delta experiences the least impact by salt intrusion, thanks
to its good dyke systems; hence, only a few days of adjustment were
applied.

• The Summer-Autumn season (April to July) requires fewer calendar
adjustments, as it coincides with the rainy season when salinity
intrusion is naturally reduced and freshwater flow increases, resulting
in early sowing only 5-10 days compared to the standard time.

• El Niño phases in 2019-2020 and 2023-2024 observed the early
planting following CS-MAP to avoid salt intrusion & drought after
the significant damage in 2016 (PV Group, 2016; Wikipedia, 2016;
VnExpress, 2016)

• La Niña phases have a more substantial effect on the Autumn-Winter
season compared to the others, since their time collides with the rainy
season, leading to a higher risk of flooding and subsidence. Therefore,
only some provinces with good dyke systems plant this season.

Furthermore, there are clearly visible spatial patterns that coincide with
the borders of the provinces, proving 1) the accuracy of the method, 2) the
political/administrative/logistical component of the strategies of adaptation.

Figure 21: Average seasonal sowing dates deviations in years, corresponding to
intense El Niño/ La Niña phases before and after applying CS-MAP

6. Discussion
The VH polarization alone demonstrates superior sensitivity to rice canopy

structure and biomass accumulation. VH backscatter exhibits distinct temporal
patterns during rice growth stages, particularly during the vegetative phase
when volume scattering from the developing canopy becomes dominant.

During the initial flooding stage, specular reflection from standing water
results in low backscatter values (VH: -25 to -20 dB), forming distinct
local minima in the backscatter time series (Nguyen et al., 2015; Waldini
et al., 2021). As rice plants enter the vegetative phase (tillering and
stem elongation), volume scattering from emerging vegetation increases
backscatter by 6–10 dB, reaching peak values (VH: -15 to -12 dB) coinciding
with the heading stage (Wang et al., 2015; Phan et al., 2018). This peak
corresponds to maximum canopy density and vertical plant structure, creating
a pronounced local maximum. Post-heading, backscatter declines gradually
(2–4 dB) during grain filling and maturation as leaves senesce and fields
drain (Phan et al., 2018).

The temporal analysis of rice crop intensity maps from 2016 to 2024
reveals significant shifts in cultivation patterns across the VMD, which are
strongly influenced by climate variability and environmental stressors. The
2015-2016 period marked a notable decline in rice cultivation intensity,
particularly evident in the coastal provinces, where many regions shifted
from double or triple cropping to single cropping patterns. This reduction
was primarily attributed to the severe El Niño event (Fig. A2), which caused
unprecedented saline intrusion affecting approximately 450,000- 650,000 ha
of cropland (Eslami et al., 2021).

Between 2017 and 2019, the delta experienced relatively stable cultivation
patterns under moderate to weak La Niña conditions. The upper delta
provinces maintained predominantly double and triple cropping systems,
while some coastal regions successfully implemented triple cropping, indicat-
ing temporary relief from salinity pressures (Ngo and Nguyet, 2025). This
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period of stability was characterized by more predictable rainfall patterns
and manageable salinity levels, enabling farmers to maintain traditional
cultivation intensities.

A significant transformation occurred from mid-2020 to 2022, coinciding
with the "triple-dip" La Niña phenomenon. The increased rainfall during
this period facilitated the expansion of triple-cropping systems in several
regions, particularly in the upper and middle delta (Ngo and Nguyet, 2025).
However, this intensification was not uniform across the delta, as some coastal
areas continued to face challenges from progressive salt intrusion, which has
been advancing at a rate of 0.2 to 0.5 PSU per year. The combination of
increased tidal amplitude (2 cm/year) and bed level incision (2-3 meters) has
exacerbated these challenges, particularly in the lower delta regions (Eslami
et al., 2019).

The most recent period (2023-2024) shows a marked shift in cultivation
patterns, with many regions reverting to lower cropping intensities or
alternative agricultural practices. This change coincides with another intense
El Niño phase and reflects both immediate climate impacts and longer-term
adaptive strategies. Notably, some areas have transitioned to rice-shrimp
rotation systems or completely abandoned rice cultivation, particularly in
coastal provinces where salinity intrusion has become a persistent challenge
(World Bank Group, 2024). This transformation aligns with government
initiatives to take approximately 250,000 ha of land out of rice production in
the most vulnerable areas (Sengupta, 2023).

The spatial distribution of these changes reveals a clear gradient from the
upper to the lower delta. Upper delta provinces have generally maintained
higher cropping intensities due to better freshwater availability and lower
risks of salinity. In contrast, coastal provinces show more dynamic changes
in cropping patterns, reflecting their greater vulnerability to environmental
stressors (Le Toan et al., 2021). This spatial variability is further complicated
by the cumulative effects of upstream dam construction, which have
significantly altered the delta’s hydrology and sediment transport patterns
(Eslami et al., 2021).

The observed changes in crop intensity patterns also reflect broader
agricultural adaptation strategies. Farmers have increasingly adopted flexible
cropping calendars, often adjusting sowing dates by 20-24 days in response
to ENSO events (Ngo and Nguyet, 2025). In some areas, particularly during
El Niño years, farmers have entirely skipped the autumn-winter crop to
minimize risks, leading to reduced annual cropping intensity (Eslami et al.,
2019). These adaptations represent a significant shift from the traditional
agricultural calendar, demonstrating the farming community’s response to
changing environmental conditions.

The temporal evolution of cropping intensity also reveals the compound
effects of multiple stressors. While ENSO events drive short-term variations,
longer-term trends such as sea-level rise, land subsidence, and reduced
sediment flow due to upstream dams create persistent challenges for
maintaining high cropping intensities (Eslami et al., 2019). The combination
of these factors has led to projections of potential rice production decreases
of up to 2.13 million tons under moderate climate scenarios and 2.5 million
tons under more severe scenarios by 2050 (Yen et al., 2019a).

Recently, the "1 Million Hectares of High-Quality Rice" program in
Vietnam (Institute, 2024; CGIAR Initiative on Asian Mega-Deltas, 2024)
encourages low-emission practices such as alternate wetting and drying
(AWD) and organic amendments to fight soil degradation. SAR-based methane
models, leveraging the synergy of L-band (ALOS2-PALSAR) and C-band, have
quantified emission reductions of 20–30% under AWD.

Regarding the shifts in rice sowing time, Fig. 20 and Fig. 21 demonstrate
clear trends of early sowing during El Niño (2019-2020, 2023-2024) and
delayed sowing in La Niña years (2021-2022) after a significant loss in 2016
due to deep salt intrusions and droughts under the severe El Niño 2016 phase.
Thus, to prepare for the worst seawater intrusion of the past century in 2019,
the Ministry of Agriculture advised farmers to implement the CS-MAP, which
recommended early sowing around 15-30 days for the Winter-Spring crop and
5-10 days for the Summer-Autumn crop. This approach proved effective then
and was applied again in 2023-2024. The coastal regions (such as Ben Tre,
Bac Lieu, Soc Trang, Tra Vinh, Ca Mau) and estuarine provinces (Kien Giang,
Tien Giang, Long An) are the primary targets of these calendar adjustments
when there are forecasts of brutal salt intrusion.

On the contrary, La Niña brings unpredictable rainfall and flooding, forcing
farmers to delay sowing, especially in some upper areas, where irrigation and
dike infrastructures are weak (i.e., Long An, Hau Giang), as prolonged floods

prevent soil preparation for rice planting. The “triple-dip” in late 2020-2022
was abnormally long, which contributed to several natural disasters, spreading
not only floods but also harmful pests. It caused a delay of about 10-20 days
for Autumn-Winter in 2021-2022, and 5-10 days for the next Winter-Spring.
Hence, only the high-dyke provinces (i.e., An Giang, Dong Thap, Can Tho)
kept planting the Autumn-Winter crop.

7. Conclusions
This study presents a practical and interpretable approach for extensive

monitoring of rice agriculture in the VMD using multi-temporal Sentinel-1
SAR data. Our method addresses significant obstacles presented by varied
agro-ecosystems and fluctuating sensor geometries by incorporating adaptive
temporal smoothing of the VH/VV ratio for automatic seasonal detection,
together with incidence-angle-dependent VH backscatter thresholds.

VH backscatter profiles are used for definitive rice detection after using
the VH/VV ratio time series to identify potential growing seasons and their
temporal windows. This dual-step approach leverages:

• VH’s robust correlation with rice biomass development

• Greater dynamic range in VH backscatter between flooding and peak
vegetative stages

• More consistent temporal signatures across different rice varieties
compared to VV polarization

During the growing season, the maximum increase in VH backscatter
(VHmax_increase) serves as the primary metric for rice classification, capturing
the characteristic transition from water-dominated to vegetation-dominated
scattering mechanisms.

While computationally efficient, fixed threshold methods fail to account
for Sentinel-1’s wide incidence angle range (31°-46° across the VMD), which
induces systematic backscatter variations. At near-range (31°), double-bounce
interactions between vertical rice stems and water amplify VH backscatter
by 1.2-1.8 dB compared to far-range (46°) acquisitions (Clauss et al., 2018a;
Phan et al., 2018). Consequently, a universal threshold (e.g., VH ≥ -18 dB)
misclassifies 22-35% of rice pixels in high-incidence zones as non-rice while
overestimating rice extent in low-incidence regions by 18% (Phan et al.,
2018).

The customized threshold function approach developed in this study
strategically bridges these methodologies by incorporating the adaptability of
machine learning with the computational efficiency and physical interpretabil-
ity of threshold techniques. By deriving polynomial functions that dynamically
adjust detection parameters based on incidence angle and temporal context,
the method achieves robust performance across the VMD’s heterogeneous
landscape without requiring extensive training datasets (Tian et al., 2023).
This approach particularly excels in regions like the VMD, where varying
incidence angles significantly impact backscatter values, and agricultural
practices exhibit substantial spatial and temporal variability. Integrating
pixel-based temporal analysis with spatially adaptive thresholds enables
precise delineation of rice fields while maintaining the operational efficiency
necessary for large-scale monitoring applications (Yang et al., 2021).

Thorough ground samples confirm that classification accuracies are over
90% for nine years, and the estimated total planted areas match official
numbers closely, showing that this is useful for monitoring operations. The
study shows that different regions have varied farming practices: the upper
delta provinces continued to grow three crops a year, while coastal areas saw
a slow decrease in how much they farmed and started using different methods
like rice-aquaculture rotations. Additionally, sowing date assessments indicate
considerable adaptive changes in planting timelines, especially during El
Niño and La Niña events. The results illustrate the method’s ability to assist
government agencies, agribusinesses, and researchers by providing timely,
high-resolution rice maps and phenological indicators. Future efforts could
improve this method by adding more types of SAR polarizations, combining
optical data when the sky is clear, and using it in real-time to help manage
water and climate policies in areas that rely on rice farming.
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Figure A1: Records of ENSO phases announced by NOAA from 2010 to 2025,
measured using Niño 3.4 Index, show that El Niño occurred in 2015-2016 (very
strong), 2019- early 2020 (moderate), 2023-2024 (strong) and La Niña in 2017-2018,
mid 2020-2022 (triple-dip)

Figure A2: Box plots of average rice sowing deviations (in days) in the VMD by
season where zeros represent reference baseline dates of the respective season
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