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A B S T R A C T

Improved rice crop and water management practices that make the sustainable use of resources more efficient
are important interventions towards a more food secure future. A remote sensing-based detection of different
rice crop management practices, such as crop establishment method (transplanting or direct seeding), can
provide timely and cost-effective information on which practices are used as well as their spread and change
over time as different management practices are adopted. Establishment method cannot be easily observed since
it is a rapid event, but it can be inferred from resulting observable differences in land surface characteristics (i.e.
field condition) and crop development (i.e. delayed or prolonged stages) that take place over a longer time. To
examine this, we used temporal information from Synthetic Aperture Radar (SAR) backscatter to detect dif-
ferences in field condition and rice growth, then related those to crop establishment practices in Nueva Ecija
(Philippines). Specifically, multi-temporal, dual-polarised, C-band backscatter data at 20m spatial resolution was
acquired from Sentinel-1A every 12 days over the study area during the dry season, from November 2016 to May
2017. Farmer surveys and field observations were conducted in four selected municipalities across the study area
in 2017, providing information on field boundaries and crop management practices for 61 fields. Mean back-
scatter values were generated per rice field per SAR acquisition date. We matched the SAR acquisition dates with
the reported dates for land management activities and with the estimated dates for when the crop growth stages
occurred. The Mann-Whitney U test was used to identify significant differences in backscatter between the two
practices during the land management activities and crop growth stages. Significant differences in cross-po-
larised, co-polarised and band ratio backscatter values were observed in the early growing season, specifically
during land preparation, crop establishment, rice tillering and stem elongation. These findings indicate the
possibility to discriminate crop establishment methods by SAR at those stages, suggesting that there is more
opportunity for discrimination than has been presented in previous studies. Further testing in a wider range of
environments, seasons, and management practices should be done to determine how reliably rice establishment
methods can be detected. The increased use of dry and wet direct seeding has implications for many remote
sensing-based rice detection methods that rely on a strong water signal (typical of transplanting) during the early
season.

1. Introduction

Food security has become a fundamental issue due to the rapid in-
crease in world population and higher demand for food. Rice is a key
staple food consumed by more than half of the world’s population
(Chauhan et al., 2015). As a consequence, rice production systems must
boost production to meet global food demand (Ray et al., 2012). A
sustainable increase in rice production is challenged by rural to urban

labour migration, agricultural land conversion, pests and diseases, the
high cost of labour and inputs, abiotic stresses such as drought, sub-
mergence, cold and heat, and competition for water resources (FAO,
2014). The diversity of rice-growing environments (irrigated, rainfed
lowland, upland and deep-water) results in different levels of natural
resource availability (i.e. water and soil fertility) and different levels of
exposure to yield-limiting and yield-reducing factors. This leads to
different management approaches to create favourable rice-growing
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conditions (Bouman et al., 2007). Improvements in crop and water
management practices are therefore an important component of agro-
nomic and environmental sustainability (Bégué et al., 2018) and pro-
viding information on management practice is a viable strategy to op-
timise the use of the limited environment and socio-economic
resources. Such information is also critical to understand the current
status of the rice crop because farmers may change their practices over
time as they adapt to new situations or opportunities. Therefore, ac-
curate temporal information on rice management practices can support
decision-makers in optimising the allocation of government invest-
ments in agriculture to sustainably increase farmer profit and produc-
tion efficiency while minimising or reducing environmental impacts.

In comparison to traditional field data collection, remote sensing
offers a great opportunity to obtain such temporal information. Many
studies have shown the use of remote sensing data to retrieve rice-re-
lated information, highlighting the complementarity of remote sensing
approaches to conventional approaches (survey and statistical methods)
for improving temporal (Zhang et al., 2015) as well as spatial in-
formation on rice crops (Xiao et al., 2006; Inoue and Sakaiya, 2013;
Gumma et al., 2014). While remote sensing data can be acquired with
passive and active sensors, monitoring rice growing areas using passive
sensors is mainly limited by regular and pervasive cloud cover in major
rice-growing areas (Nguyen et al., 2015). Active sensors, such as Syn-
thetic Aperture Radar (SAR), overcome this limitation and many studies
have extensively demonstrated the potential of SAR for crop mapping
and monitoring at different levels of detail (Kuenzer and Knauer, 2013;
Nelson et al., 2014; Mosleh et al., 2015; Dong and Xiao, 2016; McNairn
and Shang, 2016).

Rice has a unique temporal pattern in backscatter throughout its
growth which comes from the interaction between SAR properties
(band, polarisation, and incident angle) with rice canopy structure, soil,
and surface and canopy water content (Le Toan et al., 1997;
Chakraborty et al., 2005; McNairn and Shang, 2016). These interactions
can be explained by three main scattering mechanisms: the surface
scattering from the ground, the direct-volume scattering from the rice
canopy, and multiple scattering (double-bounce) from the interaction
between the rice canopy and the ground surface (Bouvet and Le Toan,
2011; Koppe et al., 2013). Previous studies on rice backscatter sig-
natures from X, C, and L-band SAR demonstrated that higher fre-
quencies have weaker penetration capability, and therefore the back-
scatter contains less information on volumetric features within the
canopy (such as leaf area index or LAI), while lower frequencies in-
teract more with underlying soil and water (Inoue et al., 2002). The
stronger penetration capability of lower frequencies are useful for rice
phenology retrieval (Lopez-Sanchez et al., 2014), and the backscatter
from C-band has been found to be consistently correlated with LAI
throughout crop growth stages (Inoue et al., 2014). The interaction
between the SAR signal and the rice crop also depends on the polar-
isation (Koppe et al., 2013; Hoang et al., 2016). McNairn and Brisco
(2004) summarized the applications of C-band SAR such as JERS-1,
RADARSAT-1, and ERS-1/2 for agriculture, and suggested the use of
multi-polarised data to gain more information from the crop. A co-po-
larised signal like VV is particularly sensitive to the vertical orientation
of leaves (Le Toan et al., 1997), while a cross-polarised signal has a
stronger correlation to biomass and LAI resulting from the volume
scattering within crop canopy (McNairn and Brisco, 2004; Inoue et al.,
2014). A few studies have also used polarisation ratios. For instance,
Sarabandi et al. (1991) used VV/HH and VH/VV ratios and showed
their relationship with soil moisture and roughness, respectively, while
Bouvet et al. (2009) used temporal change in the HH/VV ratio to de-
velop a rice crop mapping technique.

Although many studies have used SAR for rice crop mapping
(Choudhury and Chakraborty, 2006; Bouvet and Le Toan, 2011; Chen
et al., 2011) and monitoring (Kurosu et al., 1995; Shao et al., 2001;
Lopez-Sanchez et al., 2012; Koppe et al., 2013), there has been little
work on detecting rice crop management practices due to the difficulty

to directly observe these and their variation in practices that can occur
from field to field. In the Philippines, rice is cultivated in a range of
environments, with different cropping intensities, water management
practices, as well as dates and methods of crop establishment (Asilo
et al., 2014; Nelson et al., 2014; Setiyono et al., 2017). The detection of
these different practices, however, can be derived by observing differ-
ences in environmental condition, crop development stages and their
relationship with the observed SAR backscatter.

Transplanting (TP) and direct seeding (DS) are two common
methods of rice establishment (Chauhan et al., 2015). TP is more
common in irrigated and rainfed lowland ecosystems (Singh et al.,
2008) where there is sufficient water. In TP, seeds are normally ger-
minated in the nursery for 2–3 weeks before they are manually or
mechanically transplanted into the main fields (IRRI, 2007a; Sangeetha
and Baskar, 2015). In DS, seeds are sown on the soil surface, and this
can be practised in rainfed, deep-water, and irrigated systems (Pandey
et al., 2000). Sowing can be done manually (hand broadcasting the
seeds) or mechanically (using a drum seeder or seed drill, for example).
DS rice matures up to seven to ten days faster than TP rice (Pandey
et al., 2000; Farooq et al., 2011; Sudhir-Yadav et al., 2014) due to the
lack of transplanting shock (Yoshida, 1981). DS can be further classified
into wet direct seeding (WDS) or dry direct seeding (DDS). WDS re-
quires seeds that are pre-germinated for 24–48 h before broadcasting or
drilling seeds into the mud with a drum seeder. In DDS, un-germinated
seeds are sown (broadcasted, drilled or dibbled) on dry, prepared soil
that is ploughed or harrowed afterwards (IRRI, 2007b; Singh et al.,
2008). DDS is practised traditionally in rainfed ecosystems in most
Asian countries but is gaining importance in irrigated areas where
water is becoming scarce (Kumar and Ladha, 2011).

The choice of establishment method is influenced by environmental
and socio-economic factors. Areas with low wages (high labour supply)
and sufficient irrigation water typically favour TP because of higher
yields due to better weed control (Chauhan et al., 2015; Singh et al.,
2011). In contrast, DS is prevalent in labour- and water-scarce regions
(Kumar and Ladha, 2011). In addition to rainfall distribution, the po-
sition of the field in the toposequence also contributes to spatial var-
iations in adoption of crop establishment method (Pandey et al., 2012).
DS has been spreading in tropical rice areas of Asia replacing TP, the
more traditional way of crop establishment (Pandey et al., 2012). In the
predominantly irrigated rice areas of Central Luzon, Philippines,
farmers started adopting DSR beginning in the 1980s. The proportion of
DS rice reached 22% in the wet season of 1990 and 71% in the dry
season of 1991, then eventually dropped to 30% and 8% in the dry and
wet seasons, respectively, of 2011 (Moya et al., 2015). In Northeast
Thailand, DS (specifically DDS) rice increased from 25% in 1996 to
38% in 2009 (Pandey et al., 2012). Considerable annual fluctuations
were also observed as farmers switched from DS to TP depending on
rainfall, the build-up of weeds and short-term changes in rural labour
supply (Pandey et al., 2012). In addition to labour- and water- savings,
DS reduces methane emissions in rice, reduces the cost of cultivation,
and allows timely planting of a subsequent crop, and hence is expected
to further expand as labour and water costs increase in future, and
improved varieties and crop management practices become available
making DS more attractive to farmers (Kumar and Ladha, 2011). The
differences in crop establishment practices in terms of presence and
duration of water in the fields, water depth, rice canopy structure and
growth duration can have a direct effect on the SAR backscatter
(Chakraborty et al., 1997; Lam-Dao et al., 2009; Nelson et al., 2014).

Spatial and temporal information on establishment methods can
improve the accuracy of remote sensing-based rice crop growth mon-
itoring, and yield estimation since crop establishment method affects
water use, weed presence, and incidence of disease (Singh et al., 2011;
Chauhan et al., 2015; Setiyono et al., 2017). The higher plant density in
DS makes the disease outbreak more severe (Pandey et al., 2000),
meaning that different crop management practices can result in dif-
ferent crop health management issues. On the other hand, DS is widely
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promoted for its contribution to water conservation and methane
emission reduction (IRRI et al., 2018) since drier land preparation re-
sults in lower water use than wet-land preparation (puddling and til-
ling) and the use of nursery beds in TP. Although TP has been the most
practised method in Asia (Pandey et al., 2000), even in irrigated fields,
where water is much available, farmers may adopt DS to reduce their
labour cost and water use (Bouman et al., 2007). Where and how ra-
pidly these changes are occurring is poorly documented. Thus seasonal
and spatial information on farmers’ crop establishment method is im-
portant to understand the patterns of adoption (IRRI et al., 2018).
Therefore, a better understanding of the temporal behaviour of back-
scatter to discriminate between TP and DS is an important contribution
to this knowledge gap.

Only a few studies have considered SAR data to distinguish between
crop establishment methods. Gumma et al., (2015) demonstrated the
use of RISAT-1 (C-band, HH polarisation, and 25-days revisit time) to
distinguish TP and DDS rice in India. This study showed that early TP
and DDS rice have different backscatter responses during the estab-
lishment period. Another study in China by Yang et al. (2014), using
quad polarisations of RADARSAT-2 data (C-band, 24-days revisit time),
attempted to differentiate transplanted-hybrid rice with direct-seeded
Japonica rice and pointed out that seedlings in transplanted rice re-
sulted in higher backscatter compared to direct-sown rice at the mo-
ment of rice establishment. A recent study by Yang et al. (2017), using
RADARSAT-2 and multispectral HJ-1 A/B data, highlighted that dis-
crimination of TP and DS rice based on their difference in the mor-
phological structure during the initial growth of rice, from seed ger-
mination to late elongation stage, can improve the accuracy of
phenological estimation.

The above-mentioned platforms have limited acquisition frequency
leading to no data for some growth stages (Yang et al., 2014). Images
with higher revisit time are needed to fully capture the change in
backscatter during the rice growing season and to fully explore the
differences between DS and TP rice that may be observable throughout
the growing season. Freely accessible Sentinel-1 SAR data from the
European Space Agency (ESA) provide a better opportunity for more

regular and reliable rice crop mapping and monitoring than other C-
band platforms (such as RADARSAT-2 and ENVISAT). The Sentinel-1 A
and Sentinel-1B satellites are carrying C-band SAR sensors providing
imagery in single (VV or HH) and dual polarisations (VV+VH or
HH+HV) with high temporal resolutions (12 days to 6 days in regions
towards the poles) and with a long-term monitoring possibility
(European Space Agency (ESA, 2013). To our knowledge, only a few
studies have used Sentinel-1 time-series data for rice crop mapping
(Chen et al., 2016; Nguyen et al., 2016; Mansaray et al., 2017; Nguyen
and Wagner, 2017; Torbick et al., 2017; Clauss et al., 2018) and none of
them has applied Sentinel-1 for the detection of rice crop establishment
methods. Given that most rice crop mapping algorithms depend on the
detection of a strong water signal at the start of the growing season,
which is typical of TP rice but not of DS rice, a more comprehensive
understanding of the observable differences due to TP and DS would
also improve the capability of rice mapping systems.

The detection of rice crop establishment methods using active re-
mote sensing data, particularly dense time-series SAR data has not been
investigated. Moreover, the potential of Sentinel-1 data to detect the
rice crop establishment methods has not been explored. Therefore, the
present study aims to discriminate between TP and DS rice by analysing
their temporal backscatter signatures throughout the growing season
using multi-temporal Sentinel-1 imagery, field data and farmer survey
information.

2. Materials and methods

2.1. Study area

The study area covers Nueva Ecija province in the eastern part of
Central Luzon, Philippines (between 15°10′00″ N to 16°7′56″ N and
120°26′50″ E to 121°22′26″ E) (Fig. 1). The region has a dry season
from December to April and a wet season from May to November. The
maximum rainfall occurs in July and August, the average annual
rainfall is 1500mm, and the average temperature is 27 °C (Chen et al.,
2011). The terrain in the southwestern part of the province (near the

Fig. 1. (left) Location of study (black polygon); (middle) Sentinel-1 swaths acquired during November 2016 -May 2017 (red boxes); and (right) Distribution of
sample fields over the VH-24 May 2017 image. Samples are in the municipalities of (1) Talugtug, (2) Bongabon, (3) Aliaga, and (4) Santa Rosa (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article).
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Pampanga border) is mostly flat while the northeast part close to the
mountains of the Sierra Madre is rolling upland.

Nueva Ecija is the top rice growing area in Central Luzon, supplying
approximately 8% of national rice production from 1990 until 2013,
and it is often referred to as the ‘Rice Bowl of the Philippines’ (Bordey
et al., 2016). Irrigated lowland and rainfed rice fields are two major rice
ecosystems occupying 138,157 ha (78%) and 38,387 ha (22%), re-
spectively. The Upper Pampanga River Integrated Irrigation System
(UPRIIS) supplies water for the irrigated fields (Asilo et al., 2014;
Nelson et al., 2014). At the start of the growing season, the land is
prepared and flooded by irrigation (or water pump) where standing
water is maintained at 2–3 cm level for about 3–7 days or until the land
is soft enough for ploughing and establishment. Rice is then cultivated
in two planting seasons, by both transplanting and direct seeding in the
dry season (December to April) and by transplanting in the wet season
(June to October) due to abundant water supply (Asilo et al., 2014;
Bordey et al., 2016). In general, 3–4 week old rice seedlings are
transplanted in the main field. The most commonly planted varieties
have short to medium maturity durations (90–130 days), such as NSIC
(National Seed Industry Council) Rc216 (Tubigan 17), Rc222 (Tubigan
18), and Hybrid SL8. Mechanical harvesting is prevalent in both sea-
sons. Ratooning after harvesting is not widely practised in the study
area.

2.2. Data

2.2.1. Existing household and rice farm survey datasets
Farmer survey data from Metrics and Indicators for Tracking in the

Global Rice Science Partnership (MISTIG) was provided by the
International Rice Research Institute (IRRI). It contained information
on farmer household location and farm characteristics. MISTIG was
conducted during the dry and wet seasons of the 2013-14 crop year and
included information on approximately 1800 farming households in
sixty villages in total in the top four rice-producing provinces in the
Central Luzon region. We used information on crop establishment
methods reported in MISTIG to select villages with a good distribution
of TP and DS rice fields for our fieldwork. Although farmer practices
can change rapidly, MISTIG was the best available source of con-
temporary information on crop establishment practices.

2.2.2. Field data collection and farmer survey
Data collection was performed during the 2017 wet season to: (i)

interview farmers on their management practices in the previous dry
season (2016–2017); (ii) record the GPS coordinates of their field
boundaries where rice was grown during the dry season; and (iii) note
the location of any non-rice objects in the field. Questions on man-
agement practice included crop calendar, establishment method, water
source (canal irrigation, purely rainfed, or rainfed with supplemental
irrigation from water pumps), cropping intensity (single, double, or
triple cropping per calendar year), and copping pattern (rice-rice, rice-
other, other-rice, rice-fallow, and fallow-rice). All participants gave
informed oral consent prior to the survey interview and had the option
to terminate the interview at any point. GPS coordinates of fields were
recorded with approximately 3m accuracy using handheld GPS units.
Field observations, photos and sketches were used to note the location
of nursery seedbeds and any objects that could influence the backscatter
within the field, such as trees and pump houses.

Samples were selected purposively based on MISTIG survey data
(Table 1). Accordingly, six to eight farmers in the municipality of
Aliaga, Bongabon, Santa Rosa, and Talugtug were selected for interview
considering variability in the crop establishment methods, accessibility,
farmer availability, and time restrictions for the data collection.

In total, 73 farmers were interviewed, and 91 fields were visited in
which 61 fields were rice fields in the 2016–2017 dry season (Table 2).
Both establishment methods, TP and WDS, were commonly practised in
the dry season (29 and 31 fields respectively), while dry direct seeding

was only practised in one field and hence was not considered in the rest
of analysis.

2.2.3. Sentinel-1A time-series images
Sentinel-1 consists of Sentinel-1A and Sentinel-1B constellations

providing imagery in every 12 days for each satellite in equatorial area
with an increased frequency of observation towards the poles. Both
single (VV and HH) and dual polarisations (VV+VH and HH+HV)
are available in four modes (Strip map, Interferometric Wide Swath,
Extra Wide Swath, and Wave mode) (European Space Agency (ESA,
2013). In this study, we used 26 SAR images covering the period No-
vember 2016 to May 2017 that were acquired from the ESA Copernicus
Open Access Hub (https://scihub.copernicus.eu/dhus/#/home). The
SAR images were dual polarised (VV+VH) Sentinel-1 A images in In-
terferometric Wide Swath (IW) mode, at Level-1 and in Ground Range
Detected (GRD) format with 20m resolution (Table 3). We used only
Sentinel-1 A images since the acquisition time gap between Sentinel-1A
and Sentinel-1B over the study area was only 2–3 days (based on des-
cending pass images from Sentinel-1A and ascending pass images from
Sentinel-1B), and a combination of these would not be suitable for the
time series analysis. All pre-processing steps were performed in the
(Sentinel Application Platform) SNAP Toolbox version 5.0.

2.3. Methods

Fig. 2 gives an overview of data processing and information flow to
achieve the aim of the study. The processing steps are explained in
detail in the following subsections.

2.3.1. Sentinel-1 basic pre-processing
First, a pair of images with the same acquisition date (slices three

and four) was assembled into one image to cover the whole Nueva Ecija
province. There were 16 images in total (acquired in November 2016-
January 2017) that needed to be merged (into eight images), while
subsequent dates were covered by just one slice. The orbit information
of satellite position was updated using the restituted orbit option since
this information was available in real-time. Then, images were cali-
brated to convert the intensity values into sigma nought (σ°) and to
generate the true SAR backscatter of the objects. Two image stacks were

Table 1
Rice area and percentage of the transplanted and direct seeded area with
number of farmers in selected municipalities in Nueva Ecija during the dry
season obtained from MISTIG for field data collection and farmer survey.
(source: IRRI-MISTIG, 2013–2014).

Municipality Rice
area
(ha)

Number of
farmers

Crop establishment method

Transplanting (TP) Direct seeding
(DS)

rice area farmer rice
area

farmer

Bongabon 32 32 30% 9 70% 23
Talugtug 35 27 100% 27 0% 0
Santa Rosa 149 51 57% 29 43% 22
Aliaga 92 32 56% 10 44% 22

Table 2
Number of rice and non-rice fields visited during the fieldwork (2016–2017 dry
season) with the number of fields practising Transplanting (TP), wet direct
seeding (WDS), and dry direct seeding (DDS).

Crop Number of
fields

Transplanting (TP) Wet direct
seeding (WDS)

Dry direct
seeding (DDS)

Rice 61 29 (47%) 31 (51%) 1 (2%)
Non-rice 30
Total 91
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then created for VV and VH polarisations, each containing 18 images,
and were ordered by observation date. A multi-temporal Refined Lee
filter, based on Lavreniuk et al., (2017) was applied to remove speckle
noise. The filter is a spatial and temporal filter which minimises the
short-term change of backscatter caused by a SAR sensor; therefore, any
change in the backscatter is assumed to be due to the change in the
object properties in the environment (Nelson et al., 2014; Nguyen and
Wagner, 2017). Finally, Range-Doppler Terrain correction was applied
to remove the distortion caused by topography and to register the
images from the sensor geometry into geographic projection-WGS 1984
using a 90m resolution Digital Elevation Model (DEM) from the Shuttle
Radar Topography Mission (SRTM).

2.3.2. Backscatter extraction for land management steps and crop growth
stages in rice growing season

Non-rice objects, such as seedbeds, trees, and pump houses were
masked out from the 61 rice field polygons. A 10m-negative buffer was

also applied to avoid disturbance from bunds and adjacent fields with a
different practice. This was done for 27 out of 61 polygons, though the
negative buffer could not be applied to small and narrow fields. Mean
backscatters were then extracted for every polygon and grouped based
on crop establishment method. We tested the impact of the negative
buffer by running the whole analysis using buffered and non-buffered
fields and found no significant difference (results not shown), but in
practice, it makes sense to take steps to remove the potential influence
of neighbouring fields and bunds wherever possible.

The temporal signatures of TP and WDS rice were analysed across
the whole rice growing season. Backscatter was extracted for each land
management step (land preparation and flooding), crop establishment,
and for selected rice crop stages: tillering and stem elongation, heading
and flowering, and maturity. The stages of rice phenological growth
were based on a classification developed by IRRI (2007c). Information
about the time of land preparation, flooding, crop establishment, the
age of seedling, and maturity duration was obtained from the farmer

Table 3
Specifications of the Sentinel-1 images used in the study (ESA, 2013).

Parameter Specification

Satellite Sentinel-1A
Orbit Sun-synchronous (descending pass)
Height, inclination 693 km, 98.18º
Wavelength/frequency C (3.75 – 7.5 cm)/ 5.405 GHz
Repeat cycle 12 days
Polarisation Dual polarisation (VV and VH)
Incidence angle/orbit 30˚-46˚/ 32
Mode Interferometric Wide Swath (IW)
Level data Level-1 Ground Range Detected (GRD)
Resolution 20m
Acquisition date November 2016- May 2017

Date Slice number Date Slice number Date Slice number Date Slice number

1-Nov-16 3 and 4 31-Dec-16 3 and 4 1-Mar-17 3 30-Apr-17 3
13-Nov-16 3 and 4 12-Jan-17 3 and 4 13-Mar-17 3 12-May-17 3
25-Nov-16 3 and 4 24-Jan-17 3 and 4 25-Mar-17 3 24-May-17 3
7-Dec-16 3 and 4 5-Feb-17 3 6-Apr-17 3
19-Dec-16 3 and 4 17-Feb-17 3 18-Apr-17 3

Fig. 2. Flow chart of data processing to extract backscatter signatures for transplanted (TP) and direct seeded (DS) rice.
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questionnaires. Information about the time of land preparation,
flooding, and crop establishment was available in either date or week.

The time of tillering and stem elongation, heading and flowering,
and maturity stages were estimated based on the establishment date
and maturity duration of the variety reported by the farmer. We as-
sumed the following: the vegetative phase, from germination to stem
elongation, varies between 30 and 65 days depending on whether the
variety was a short or medium duration; the reproductive phase, from
panicle initiation to flowering, lasts 35 days; and the duration of the
ripening phase, from flowering to maturity, lasts 30 days. We counted
forwards from the establishment date and estimated the end dates of
each phase based on the above assumptions of their durations for the
reported variety. Tillering and stem elongation occur at the end of the
vegetative phase, heading and flowering occur at the end of the re-
productive phase, and maturity occurs at the end of the ripening phase.

Two adjustments in our calculations were required to estimate the
time of tillering and stem elongation (as the late stages of vegetative
phase). Our observations focused on the conditions in the rice fields, so
the crop condition in the nursery for TP rice was excluded. For TP rice,
the duration of the vegetative phase was reduced by the age of seedling
since the vegetative phase has started in the nursery and our observa-
tions of the vegetative phase begin once the seedling has been trans-
planted into the rice field. The duration of the vegetative phase for WDS
rice was reduced by ten days based on the assumption that DS rice
matures faster (tillering earlier) than TP rice (Pandey et al., 2000;
Farooq et al., 2011; Sudhir-Yadav et al., 2014).

For the backscatter extraction, we identified which SAR acquisition
occurred during or immediately after the land management step (based
on the dates reported by farmers for land preparation, flooding, crop
establishment, and harvesting) or crop stage (based on estimated dates
for tillering and stem elongation, heading and flowering, and maturity
as described above). This approach avoids mixing backscatter extracted
from different management steps or crop stages due to different crop
calendars. Finally, the backscatter values from VV, VH, and the VV/VH
ratio were visualised with boxplots and statistically compared to ex-
amine the temporal patterns of TP and WDS rice.

2.3.3. Significance difference test
The Mann-Whitney U test was performed to determine if there were

significant differences in the backscatter between TP and WDS rice. The
test is a non-parametric test and is comparable to the t-test, but it does
not rely on the assumption of normally distributed data, so it is suitable
since our data were not normally distributed (based on a Shapiro-Wilk
test). The Mann-Whitney U test compares two independent groups, here
the TP and WDS backscatters, by their median (McCrum-Gardner,
2008), which makes it more robust under the non-normality condition.
We set 95% as the confidence level.

3. Results

3.1. Temporal backscatter signatures of TP and WDS rice for each
acquisition date

Fig. 3(A–D) shows the temporal signatures of TP and WDS plotting
by image acquisition dates with the information of crop calendar from
the farmer's interview during the survey. As can be seen from Fig. 3D,
there was a large variation in the start of the dry season across the
surveyed fields. Land preparation occurred from early November to the
middle of January, followed by flooding and rice establishment until
February. As a result, the extracted backscatters from the same date
capture different land conditions and rice growth stages, hence making
it impossible to directly discriminate differences due to particular land
management steps or stages of crop development that would be asso-
ciated with TP and WDS rice from the temporal backscatter signature.

Field sizes varied from 0.5 to 2 ha, and the average field size was
1.07 ha, based on polygons from GPS locations of the field corner

coordinates. The differences in backscatter from 27 fields before and
after negative buffering was on average 0.57 dB in VV and 0.58 dB in
VH.

Furthermore, the direct seeded and transplanted fields are dis-
tributed in the central part of the image within different incidence
angles (39°–42°) (Table 4). The row directions of the transplanted fields
are also given in Table 5.

3.2. Temporal backscatter signatures of TP and WDS rice

TP and WDS rice temporal signatures were grouped by land man-
agement step or crop growth stage, from pre-season (land preparation)
to harvesting (Fig. 4A–C). Only the signatures with the assumption of
early tillering in WDS rice are shown (results without this assumption
are reported in the supplementary materials). The backscatter (dB) of
TP and WDS rice appeared similar during the heading-flowering to the
harvesting time in both VV and VH. The highest variations were iden-
tified at the early growing season, from land preparation to the til-
lering-stem elongation stage. In TP rice, dB values started increasing
from when the rice was transplanted until reaching a maximum point at
the heading- flowering (VV) and maturity stages (VH). During estab-
lishment, it can be seen that the dB in VH for TP rice was higher than
that of WDS. After transplanting, a slight increase of VH was also ob-
served at the tillering-stem elongation stage.

The dB for WDS rice remained relatively stable between the
flooding and establishment period. The most striking feature was at the
tillering-stem elongation in VV where dB for WDS was much higher
than that of TP. The dB of WDS in VH was also consistently higher after
establishment date and throughout the rice growth cycle. The VV/VH
ratio showed similar differences between TP and WDS in land pre-
paration, crop establishment, and during tillering-stem elongation. The
results for temporal backscatter signatures without the assumption of
early tillering in WDS rice are similar in all respects (see supplementary
materials), however, when early tillering is not assumed, a slightly
greater increase of WDS over TP was observed during tillering-stem
elongation in VV.

3.3. Statistical tests (Mann- Whitney U test)

The Mann-Whitney U test was used to assess whether there were
significant differences between TP and WDS backscatter values. Table 6
gives p-values for the backscatter differences with the assumption of
early tillering in the WDS rice. Results for the test without the as-
sumption are shown in the supplementary materials. As Table 6 shows,
the backscatter differences between TP and DS at the crop establish-
ment (VH) and tillering-stem elongation stage (VV) were significant.
Also, the VV/VH ratio showed significant differences during land pre-
paration, and crop establishment.

4. Discussion

4.1. Temporal backscatter signatures of TP and WDS rice

Different rice crop establishment methods (transplanting, TP or di-
rect seeding, DS) are adopted as part of a farmer’s decision-making
process, which is in turn dependent on available resources and en-
vironmental conditions, such as water supply and labour availability.
These decisions can lead to different challenges for the farmer (i.e.
additional weed control when shifting from TP to DS) which may re-
quire agronomic advice and education from extension agents in order to
achieve optimal and sustainable rice production. Accurate detection of
(changes in) crop establishment methods can be incorporated into rice
area maps that would guide extension agents on where to provide in-
formation to farmers on best management practices. Mapping the spa-
tial patterns of crop establishment is challenging when there is a large
variation in the crop calendar from field to field. Given the different

V.N. Fikriyah et al. Int J Appl  Earth Obs Geoinformation 76 (2019) 143–153

148



characteristics of land preparation and crop growth in both methods
(Pandey et al., 2000; Singh et al., 2008; Farooq et al., 2011; Sudhir-
Yadav et al., 2014; Sangeetha and Baskar, 2015) and the sensitivity of
SAR to crop development (Le Toan et al., 1997; Chakraborty et al.,
2005), it is possible, therefore, to discriminate TP and DS by observing
differences in field condition and rice crop growth by SAR only when
there is good a priori knowledge of the crop calendar.

Prior studies have used SAR data to observe the temporal back-
scatter characteristics of TP and DS rice using RISAT-1 data (C-band,
HH polarisation, 25-days temporal resolution) (Gumma et al., 2015)
and RADARSAT-2 data (C-band, full polarisation, 24-days temporal
resolution) (Yang et al., 2014). However, these studies had limited
acquisition frequency. Concerning the wide range of dates in the crop
calendar in our study area (the range can be up to 2 months), frequent
image observation is essential to obtain sufficiently detailed temporal
information so that differences in field and crop condition associated
with establishment method can be detected. In this study, we analysed
the temporal backscatter of TP and WDS rice using Sentinel-1 data (C-
band, VV and VH polarisation with 12-days revisit time) and considered
the variation in the cropping calendar by relating backscatter values to

Fig. 3. Temporal backscatter signature of TP (transplanted rice) and WDS (wet direct seeded rice) in the dry season, in VV (A), VH (B), and the VV/VH ratio (C).
Backscatters were extracted for each field and each acquisition date. Graph D shows the crop calendar in the 2016–2017 dry season based on farmer responses.

Table 4
Distribution of fields across different incident angles.

Incidence angle (degree)

Crop establishment method 39º 40º 41º 42º Total fields

Transplanted (TP) 2 0 16 11 29
Wet Direct Seeding (WDS) 13 1 17 0 31
Dry Direct Seeding (DDS) 0 0 1 0 1

Table 5
Distribution of the row directions of transplanted fields with respect to the
North orientation.

row direction (degree)

Crop establishment
method

0º–45º 46º–90º 91º–135º 136º–179º Total
fields

Transplanted (TP) 15 3 1 10 29
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the reported date of management activities (the dates of land pre-
paration, flooding, and crop establishment from the farmer survey)
(Fig. 3) and to the estimated dates of selected growth stages.

As seen in the results (Fig. 4A–C), it is apparent that TP rice had a
higher dB (VH) during rice crop establishment and a lower dB (VV)
during the tillering-stem elongation stage as compared to WDS rice.
These findings may be explained by the fact that TP rice is established
as 3–4 week old seedlings. The presence of young seedlings in the field
results in a higher dB of TP rice at the time of crop establishment. A
slower increase in dB after transplanting (in the tillering-stem elonga-
tion) was also noticed, and this suggests a contribution of transplanting
shock, as explained by Pandey et al. (2000) and Kumar and Ladha
(2011), whereby TP rice experiences shock because of the uprooting

process, which is visible due to the subsequent delay in tillering.
WDS rice had a lower dB during establishment (in VH), and a higher

dB during the tillering-stem elongation stage (in VV) as compared to TP
rice. A possible explanation is that the low dB resulted from the dom-
inance of surface scattering from the soil during sowing. The rapid in-
crease of dB in the tillering-stem elongation stage may correspond to
the lack of transplanting shock in WDS allowing the growth process
(particularly tillering) to continue without any delay (Pandey et al.,
2000; Kumar and Ladha, 2011). Also, in agreement with Lam-Dao et al.
(2009), wet and rough soil during the early season, which is due to
lower water use in DS, resulted in higher dB in VV (Fig. 4A).

Another factor is the higher plant density from the larger amount of
seeds per hectare in WDS (reported as 35–40 kg for TP and about 80 kg
for WDS in our farmer interviews). When there are more tillers per unit
area, more scattering objects are available, and thus more double-
bounce scattering may occur. Furthermore, the rice canopy cover
during the tillering to stem elongation stage is not dense and not yet
fully developed, so there are still gaps for the SAR signal to penetrate
and create double scatterings with the underlying water surface. This
finding is consistent with the explanation from Lopez-Sanchez et al.
(2014) that the double-bounce scattering in C-band dominates dB
during the late vegetative, whereas with the shorter wavelengths, as in
X-band, this effect is more visible in the early vegetative. The double-
bounce effect is also the biggest contributor to backscatter in VV from
the vertically structured crop (Ferrazzoli, 2001) and this may explain
the reason why different backscatter values of TP and WDS rice occur at
the tillering stage in VV polarisation. In addition, weed presence in
WDS may partially influence the higher dB in the early growth stages
since weed infestation typically occurs almost at the same time as the
rice crop emerges from the soil/water (Bordey et al., 2016). Plant dis-
tribution may also have an influence on the higher dB of WDS in the
tillering-stem elongation stage. In WDS, seeds are manually broad-
casted in the study area (mechanical establishment by drum seeder or
seed drill are also possible, but they are not commonly adopted in the

Fig. 4. Temporal backscatter signatures of
transplanted rice (TP) and wet direct seeded
rice (WDS) in the dry season at VV, VH and the
VV/VH ratio (A–C, respectively). Box plots
show the backscatter coefficient (dB) for dif-
ferent land management steps and rice crop
stages. LP: land preparation, FLD: flooding, CE:
crop establishment, TL-SE: tillering-stem elon-
gation, HE-FLW: heading-flowering, MT: ma-
turity, and HVS: harvesting.

Table 6
p-values between transplanted (TP) and wet direct seeded rice (WDS) from
Mann-Whitney U test, with the assumption of early tillering in WDS rice n TP:
29, n WDS: 31.

Polarisation

VV VH VV/VH

LP 0.923 0.105 0.019*

FLD 0.947 0.853 0.520
CE 0.228 0.006** 0.000***

TL-SE 0.006** 0.311 0.119
HE-FLW 0.119 0.171 0.559
MT 0.201 0.371 0.796
HVS 0.066 0.019* 0.631

LP: land preparation, FLD: flooding, CE: crop establishment, TL-SE: tillering-
stem elongation, HE-FLW: heading- flowering, MT: maturity, and HVS: har-
vesting.
* Significant, p < 0.05.
** Significant, p < 0.01.
*** Significant, p < 0.001.
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study area) meaning that there is an uneven distribution of plants
across the field. While in TP, seedlings are more evenly distributed
(manually or mechanically) which results in wider gaps between plants
and fewer scattering interactions.

When the early of tillering stage in WDS was not assumed (sup-
plemental materials), the backscatter of WDS rice at the tillering stage
was slightly higher than TP rice which can indicate that tillering was
still in process. This is possible because the growth duration may vary
depending on other factors such as variety, soil nutrients, climatic and
hydrological conditions including rainfall and temperature (Yoshida,
1981). We can still see the differences in backscatter between TP and
WDS rice regardless of whether this assumption is used or not, which
suggests a good possibility to discriminate between TP and WDS at this
stage.

The results from the Mann-Whitney U tests indicated that TP rice
was significantly different from WDS rice during land preparation, crop
establishment, and the tillering-stem elongation stages (Table 4). This
result was consistent regardless of whether the early tillering assump-
tion in WDS is used or not. Our finding that TP and WDS rice is best
discriminated through the observation in the early growing season
confirms those obtained by Yang et al. (2014) who investigated the
seedling stage as the primary time to distinguish transplanted hybrid
rice and direct seeded Japonica rice (by RADARSAT-2, C-band, quad
polarimetric data) based on the higher dB from the seedlings in trans-
planted rice. We also agree with the results from Gumma et al. (2015)
who identified that TP and DS rice have distinct backscatter during
transplanting based on C-band RISAT-1 data at HH polarisation. How-
ever, our results are the first to identify opportunities to discriminate
between TP and WDS across different land management activities and
crop stages.

We found that Sentinel-1 images with a high temporal resolution
were well suited to monitor and capture the different stages of rice
based on evidence from previous literature and observations made in
this study. The penetration capability of C-band is particularly ad-
vantageous to retrieve information not only from the canopy but also
from the underlying soil and water surface before the saturation effect
due to full canopy closure (McNairn and Brisco, 2004; Oh et al., 2009)
which enables more factors to be considered when interpreting the
backscatter signatures at the early rice growth stages. Additionally, the
proposed method of relating backscatter to the crop calendar is able to
identify differences in backscatter during the entire cropping season in
areas with diverse crop calendars.

Most of the observed fields had a regular shape (rectangular but
with a narrow width) with field sizes between 0.5 and 2 ha. Average
backscatter values were based on a minimum of six or seven 20m
Sentinel-1 pixels representing the smallest fields in our dataset.
Extremely narrow rice fields, with a width of 20m or less would be
problematic, but this was not an issue in this study area.

A large range of incidence angles will have an effect on the various
scattering mechanisms, resulting in a different backscatter. The fields in
this study site are located within the central portion of the Sentinel-1 A
images, with a narrow range of incidence angles (3°). We did not ob-
serve any variation in our results with respect to incidence angle but
acknowledge that this would need to be accounted for in larger study
sites with a larger range of incidence angles.

4.2. Limitations, potential applications and recommendations

This study used multi-temporal SAR intensity information, but other
sources of earth observation information can also contribute to the
detection of rice crop management practices. For example, the use of
SAR coherence (Lopez-Sanchez et al., 2012) data, LiDAR data and
spectral and texture information from high-resolution optical sources
can also be employed. A multi-sensor approach incorporating two or
more of these would likely be the most robust approach for the detec-
tion and monitoring of crop management practices.

Our analysis and findings suggest that TP and DS rice in irrigated
and rainfed lowland environments can be discriminated using multi-
temporal Sentinel-1 data, specifically through observations during the
early growing season. Our study site is within the major rice-growing
region of the Philippines, which represents only a part of the broad
range of rice crop and water management practices that take place
within diverse rice ecosystems. Further work would need to account for
this diversity by testing detection methods in different geographies and
rice systems.

Despite the promising results, further studies using ancillary data
are encouraged, especially data on tiller density and weed presence to
ascertain the contribution of these factors for TP and DS rice dis-
crimination. Gumma et al. (2015) also suggested that weed information
can probably help the discrimination process. The inclusion of soil
texture information may improve the discrimination due to its re-
levance to water stagnancy which influences farmer preferences on
establishment method (Pandey et al., 2000). Other ancillary data that
can be considered are rainfall during land preparation and crop es-
tablishment, wage rates as an indicator of economic growth, and em-
ployment opportunities in non-farm sectors. All three have been found
to significantly affect the adoption of DDS rice in Northeast Thailand
(Pandey et al., 2012).

Our study lacked information regarding the homogeneity of fields
through the season. Farmer interviews showed that there were no major
stress such as droughts or floods in the area, nor was there any report of
lodging. Whilst the area is heavily and regularly affected by tropical
storms, these occur mainly in the wet season, whereas our study was
made during the dry season (since direct seeding is only practised in the
dry season in this part of the Philippines). Although weed presence was
reported by a few farmers, it was not a prevalent stress, but we ac-
knowledge that weeds would have an impact on the intensity signal,
though we were unable to assess this with our data. Weeds are more of
a concern in DDS than in WDS and TP rice.

The adopted crop establishment method varies from season to
season as some farmers switch from DS to TP depending on agro-cli-
matic and socio-economic conditions (Pandey et al., 2012). The prac-
tice of DS, in particular, varies considerably from one location to an-
other in terms of land preparation (tillage), establishment methods,
seed rate, water management, weed management, and nutrient man-
agement (Kumar and Ladha, 2011) which can result in variation in
temporal backscatter and widespread of backscatter values as observed
in this study at land preparation and flooding period (Fig. 4A–B). Multi-
location and multi-year studies will contribute to a more robust ap-
proach to detect crop establishment practices with SAR.

Due to limited samples, we were not able to observe the temporal
signature of the backscatter of DDS. Based on the MISTIG survey data,
we expected to interview a sufficient number of farmers who practised
DDS. However, farmers reported that they stopped DDS shortly after the
survey due to severe weed problems and instead shifted to WDS.
Projections suggest that DDS will likely be a major practice in many
countries in the future (Kumar and Ladha, 2011; IRRI et al., 2018),
hence similar studies should be conducted in areas where DDS is
practised, ideally with TP and WDS also being present in the same
season. This rapid change in practice also suggests that maps of man-
agement practice need to be updated frequently, on a seasonal or yearly
basis for example.

The wider adoption of DS (either dry or wet seeding) can have
implications for many remote sensing-based rice detection techniques.
Most rice detection algorithms that use either SAR data (Choudhury
and Chakraborty, 2006; Oh et al., 2009; Nelson et al., 2014) or a
combination of vegetation and water indices in optical data (Xiao et al.,
2002, 2006; Nguyen et al., 2012; Boschetti et al., 2014) depend on a
strong water signal during the early season, which is typical of trans-
planted rice. Direct seeding has a shorter period of flooding and a lower
water level in the early season (Bouman et al., 2007; Bouvet and Le
Toan, 2011; Kumar and Ladha, 2011) that can result in a weaker water
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signal. Thus, more information on the impacts of crop establishment
methods (as well as other management practices) on the temporal rice
signature is required to improve the robustness of these rice mapping
algorithms across diverse rice ecosystems. This should involve the si-
multaneous analysis of more than one source of earth observation data.
Finally, our approach is based on field level interpretation of averaged
SAR intensity information as opposed to methods that rely on pixel
level information. We used field level information for this study since
the smallest management unit at which crop establishment methods can
be are applied is at the field level. Other crop management practices,
such as fertilizer application may vary within a field, but crop estab-
lishment method does not. We measured the field boundaries using GPS
coordinates from the field corners, but this would not be possible to
scale for larger areas, or more frequent monitoring should boundaries
change over time. This implies that other methods to map field
boundaries are required for field-level classification of crop manage-
ment practices. Access to very high-resolution imagery through the
season and in the off season, coupled with machine learning or seg-
mentation approaches and a sufficient ground truth data across diverse
agricultural landscapes would be one approach to generate field
boundary information every season for crop mapping and monitoring.

5. Conclusions

Remote sensing-based detection of two commonly practised rice
establishment methods - transplanting and direct seeding - can help
understand where they have been practised and whether there are
changes in practices over time. In this study, we exploited a dense time
series of C-band Sentinel-1 imagery, in conjunction with field ob-
servations, and farmer surveys to better understand the temporal
backscatter signatures of transplanted and wet direct seeded rice during
the dry season in a major rice-growing region of the Philippines. Our
results showed that there are differences between the two practices that
can be detected from C-band co-polarisation, cross-polarisation and
polarisation ratio information during the early growing season, espe-
cially during land preparation, crop establishment, and the tillering and
stem elongation stages. These findings indicate more opportunity for
crop establishment detection by SAR data compared to those in pre-
vious studies. More routine detection of rice crop establishment
methods requires data on crop establishment date and field boundaries
to permit field-level classification in an operational mapping context. In
the future, with freely available global coverage and regular observa-
tion facilitated by the Sentinel-1 mission, more investigations in larger
rice cultivation areas under different management practices, across
seasons, and environments are encouraged to assess the reliability and
consistency of detection rice establishments through SAR data.
Expansion of DS is expected in the future, and this study suggests that
its expansion can be mapped but also that existing mapping algorithms
may need improvement for accurate mapping of rice areas where DS is
practised.
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