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Abstract: Monsoon crops play a critical role in Indian agriculture, hence, monitoring these crops is
vital for supporting economic growth and food security for the country. However, monitoring these
crops is challenging due to limited availability of optical satellite data due to cloud cover during crop
growth stages, landscape heterogeneity, and small field sizes. In this paper, our objective is to develop
a robust methodology for high-resolution (10 m) monsoon cropland mapping appropriate for different
agro-ecological regions (AER) in India. We adapted a synergistic approach of combining Sentinel-1
Synthetic Aperture Radar (SAR) data with Normalized Difference Vegetation Index (NDVI) derived
from Sentinel-2 optical data using the Google Earth Engine platform. We developed a new technique,
Radar Optical cross Masking (ROM), for separating cropland from non-cropland by masking out
forest, plantation, and other non-dynamic features. The methodology was tested for five different
AERs in India, representing a wide diversity in agriculture, soil, and climatic variations. Our findings
indicate that the overall accuracy obtained by using the SAR-only approach is 90%, whereas that of
the combined approach is 93%. Our proposed methodology is particularly effective in regions with
cropland mixed with tree plantation/mixed forest, typical of smallholder dominated tropical countries.
The proposed agriculture mask, ROM, has high potential to support the global agriculture monitoring
missions of Geo Global Agriculture Monitoring (GEOGLAM) and Sentinel-2 for Agriculture (S2Agri)
project for constructing a dynamic monsoon cropland mask.
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1. Introduction

India is a primarily agrarian economy with 17% of the national Gross Domestic Product (GDP)
contributed by agriculture and approximately 50% of the population supported by agricultural
activities [1]. Prior studies have shown a direct impact of monsoon (wet season during June–November)
crop production on Indian economic growth and national food security [2,3]. Variations in inter-annual
and inter-seasonal distribution of monsoon rainfall also affect monsoon crop production [4]. Accurate
information on monsoon cropland can thus help researchers in monitoring the trend in annual crop
production and in finding the gap in overall food production [5]. Timely statistics for monsoon
cropland are also essential for the policy-makers to decide the crop prices and to provide compensation
to the farmers in case of crop failure, as well as for development of agricultural economy and farmers’
well-being as a whole [6].

About 56% of the total cultivated area in India is utilized for rainfed monsoon crops. The importance
of the rainfed monsoon crop can be gauged from the fact that it contributes to 40% of the country’s
food production [7]. During the rainfed monsoon crop growing season, both water intensive and
dryland crops are grown throughout the country. Water intensive crops, such as rice and sugarcane,
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are grown in low lying areas and/or areas which receive sufficient rainfall above 1200 mm [8]. Dryland
crops are grown in the region where monsoon rainfall is low and erratic (ranging between 500 mm
and1200 mm). Dryland crops are also important for the economy as most of the coarse grains, pulses,
and cotton are grown on these lands [9]. Traditionally, monsoon crop statistics are documented by
different government agencies through agriculture census across India [10,11]. However, these crop
statistics are typically aspatial and are collected by sample surveys at either the national or state
level [12]. These surveys are expensive, time consuming, and labor intensive. Moreover, the accuracy
of the resulting dataset is commonly affected by human and statistical biases [13]. Timely and largely
bias-free monsoon cropland statistics as a whole, instead of focusing only on major crops at a spatial
scale finer than the district level, could considerably improve targeted intervention for providing
government welfare schemes at the village or farm level [14].

Historically, data collected by earth observation satellites have been used for generating reliable
crop statistics in many countries and are widely used for operational crop monitoring [15–18]. These
satellite-derived data products are particularly important as they can link cropping activities to the
environmental factors such as soil, topography, and weather variability [19]. However, most of the
prior case studies at the national or global scale are implemented using coarser satellite data such
as Moderate Resolution Imaging Spectroradiometer (MODIS) or Advanced Very-High Resolution
Radiometer (AVHRR) [20–23]. Methodologies involving such coarser data, when applied to small-scale
agriculture (farm sizes less than 2 hectares), common among transitioning economies, result in mixed
pixel issues where one aggregated grid-cell value is assigned to many fields with varying cropping
practices [24]. The studies on small farms with improved methodology using moderate–high resolution
satellite data such as Landsat and Sentinel-2 mainly focus on winter crops when sufficient cloud free
optical data are available during the crop-growing season [25,26]. However, optical satellite data are
insufficient for operational monsoon cropland mapping as the wet (monsoon) season coincides with
the crop growing duration, thus, providing an insufficient number of images for mapping monsoon
cropland over a large scale [27]. Previous studies have focused on examining crop phenology over
large area using satellite data with high temporal resolution in order to overcome cloud coverage
issues [20,28]. Shang et al. [29] applied refined cloud detection approach using MODIS data to separate
cloudy scenes from the clear ones to model vegetation growth across India. Similarly, Chakraborty
et al. [30] measured the crop phenology trend of the monsoon cropland vegetation and its relationship
with rainfall using the Global Inventory Modelling and Mapping Studies (GIMMS) datasets for all
of India. Yet, the high revisit frequency of optical satellites such as Landsat (16-day) and Sentinel-2
(5-day) is not enough for effective mapping of monsoon cropland over large area. During the monsoon
season, especially for the first 2–3 months, it is unlikely to obtain any cloud-free quality optical image
mosaic in tropical or sub-tropical countries [31]. For example, in certain regions in central India, where
farmers primarily plant soybean and black gram, the crops are harvested early in the season, even
before the cloud free optical satellite images are available. Even when optical satellite data are available
during the peak growth stages of the crops such as rice, the spectral signatures of the crops are often
mixed with that of plantation, grassland, or forested regions [32,33], thus making it challenging to
segregate croplands with monsoon crops from other vegetation covers.

The hindrance in using optical satellite data for intra-seasonal monsoon cropland monitoring
over large region requires the remote sensing community to develop new methods, especially for
countries with heterogeneous landscapes, such as India. These methods should take into account the
variations in cropping practices across different agro-ecological regions (AER). The Synthetic Aperture
Radar (SAR) data provide an alternative to optical data for monsoon cropland mapping, as SAR
data are not affected by cloud cover [34,35]. In contrast to optical, SAR (also referred to as radar)
sensors are active systems with their own source of energy, transmitting microwaves, and receiving
the reflected echoes from objects on the earth’s surface [36–38]. The SAR sensor transmits longer
wavelengths that can easily penetrate through the clouds, thus making it particularly useful on the
cloudy days when optical sensors fail to capture reflected sunlight. Moreover, the information collected
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by radar differs from that obtained from optical sensors due to differences in interaction with the
ground objects. The backscattering intensities recorded by SAR sensors are influenced by geometric
and dielectric properties of the crops, whereas the interaction with optical sensor are influenced by
the chlorophyll and water content. Because of this difference in interaction with crops, data from
SAR and optical systems provide complementary information [39–41]. SAR data also have different
polarization components (VH, VV, HH, and HV) that interact with crops differently, thus increasing the
information content provided [42,43]. Besides, the spatial resolution of SAR sensors such as Sentinel-1
or Radarsat-2, are better suited for small-scale cropland mapping [44].

Multi-temporal SAR images improve the crop classification accuracy and capture the variation
in growth process [32,43]. Skakun et al. [45] has shown how multi-temporal SAR images can
effectively produce the equivalent classification accuracy as optical images during the cloudy seasons.
Studies have also shown that multi-temporal SAR images (>10 scenes) can increase the classification
accuracy obtained from optical images (2 or 3 scenes) by 5% [45–47]. Skriver et al. [47] have
shown that multi-temporal, multi-polarization SAR images perform better compared to single date
multi-polarization or multi-date single polarization SAR images. Hence, the temporal information
from SAR, combined with multi-polarization, provides better information of crop conditions. Yet,
previous studies utilizing SAR have been confined to examining croplands dominated by specific
water intensive monsoon crops such as rice or jute which are easier to detect due to their distinct
backscattering signatures compared to dryland monsoon crops [48,49]. Hence, these SAR-based
methods need to be evaluated or revised in the context of diverse cropping practices, especially for
rainfed monsoon crops grown in dryland regions.

Previously, combinations of SAR and optical data have been extensively used for land cover
classification during cloud free seasons, either by stacking bands or by fusing SAR and optical data
products [50,51]. Studies have also shown that integrated use of SAR and optical data can significantly
improve the crop classification and yield accuracy focused in many regions of the world [45,52].
Recently, studies have emerged to combine SAR and optical data for predicting yields of several
monsoon crops including rice, corn, soybean, and cotton [53–55]. These studies either focused on
water intensive monsoon crops or over small regions where obtaining a few optical image snapshots
was possible during the monsoon season [56,57]. However, there are no studies performed by using
SAR data alone or by integrating SAR and optical data for extracting monsoon cropland over a large
area in different agro-ecological regions practicing diverse agriculture systems.

This study intends to fill the gap in monsoon cropland monitoring by combining SAR and optical
data and has the following objectives:

(1) Evaluating Sentinel-1 (S1) SAR and a combination of SAR and Sentinel-2 (S2) optical data in terms
of providing greater accuracy for monsoon cropland mapping.

(2) Developing a high resolution, all weather applicable non-crop mask for segregating monsoon
cropland from other land use/land cover (LULC) features with similar signatures (plantation and
forest).

2. Materials and Methods

2.1. Study Area

The study area comprises of ten sub-regions within five agro-ecological regions (AER) covering
the Indian states of Uttar Pradesh, Madhya Pradesh, Chhattisgarh, Maharashtra, Andhra Pradesh, and
Karnataka (Figure 1) [58]. The study area covers approximately 604,615 km2 and is surrounded by the
alluvial Gangetic plains in the north and the Bay of Bengal in the south. It borders the Western Ghats
in the west and Chota Nagpur plateau in the east. The region is mostly undulating with the elevation
ranging between 0–1560 m (Figure 1).
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November for rice. The details regarding the AERs considered for this study and the major monsoon 
crops grown according to the latest government statistics available are listed in Table 1 [61]. For 
further analysis, we have combined AER-5 with AER-4, as AER-5 has negligible cropped area to be 
analyzed as separate unit. Diverse monsoon crops are grown in the AERs comprising of both water 
intensive monsoon crops and rainfed-dryland crops. 

 
Figure 1. Maps of the study area showing: (a) Agro-Ecological Regions (AER) selected for this study; 
(b) ten AER sub-regions within five AER; (c) spatial variation in annual mean precipitation from the 
year 2000 to 2018, derived from the Climate Hazards Group InfraRed Precipitation with Station 
(CHIRPS) data; and (d) Digital Elevation Model (DEM) obtained from the Shuttle Radar Topography 
Mission (SRTM) dataset. 

Figure 1. Maps of the study area showing: (a) Agro-Ecological Regions (AER) selected for this study; (b)
ten AER sub-regions within five AER; (c) spatial variation in annual mean precipitation from the year
2000 to 2018, derived from the Climate Hazards Group InfraRed Precipitation with Station (CHIRPS)
data; and (d) Digital Elevation Model (DEM) obtained from the Shuttle Radar Topography Mission
(SRTM) dataset.

The region has a tropical monsoon climate (Am) as per the Koppen-Geiger climate classification
system [59]. The mean annual rainfall ranges approximately from 530 mm to 2300 mm across the
region (Figure 1c), as calculated from the Climate Hazards Group InfraRed Precipitation with Station
(CHIRPS) data for 2000–2018. Most of the farmers in the study region are smallholders with limited
landholdings; they grow crops during three seasons: monsoon (kharif ) during June-November, winter
(rabi) during December-April, and summer (zaid) during April–June [60]. The major monsoon crops
grown in the study region are rice, soybean, black gram (locally known as Urad), cotton, maize, and
groundnut [61]. The monsoon crop sowing date varies across the study region, starting in the month of
June with the onset of monsoon, up to August/September in low-lying regions. The harvesting of the
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crops widely varies as well and may range from September for soybean and black gram to November
for rice. The details regarding the AERs considered for this study and the major monsoon crops grown
according to the latest government statistics available are listed in Table 1 [61]. For further analysis, we
have combined AER-5 with AER-4, as AER-5 has negligible cropped area to be analyzed as separate
unit. Diverse monsoon crops are grown in the AERs comprising of both water intensive monsoon
crops and rainfed-dryland crops.

Table 1. Agro-Ecological regions and the major crops grown.

Agro-Ecological Region Major Crops

1 Northern Plain black gram, millet, sesame, rice
2 Central Highlands soybean, rice, cotton
3 Deccan Plateau cotton, soybean, sorghum

4 Deccan Plateau and Eastern Ghats,
Eastern Coastal Plains rice, cotton, chili, maize

2.2. Overall Workflow

The flowchart for the methods used in this study is outlined in Figure 2. In the first step, S1 and
S2 time series images were loaded on Google Earth Engine (GEE) platform using ‘ImageCollection’
function [62]. These images were then filtered based on time (June–November 2018) and study
region boundary. For S1 SAR, we used images from June to November, but for S2 optical data, we
considered images from July to November. The month of June was not considered for S2 optical
data as summer crops were still at their peak growth stage in some regions and the land preparation
and sowing of monsoon crops were in the initial stages. A ‘cropped field’ in June would thus be an
indication of summer crops, and not monsoon crops. Further image classification was performed on S1
(Figure 2b), and S1+S2 combined (Figure 2c), using pixel-based machine learning classifier (random
forest) on GEE. We have used pixel-based classifier instead of object-based classifier for large monsoon
cropland mapping, as the latter requires high computation time and has complicated intermediate
steps including the segmentation where specific parameter tuning is needed [32,63,64]. Even though
object-based classifiers might improve the classification accuracy in some landscapes, this performance
improvement is not always evident in complex heterogeneous landscapes such as the one showed
in this study. We further performed accuracy assessments for the four AERs (Table 1). Training and
testing of the classified images were performed according to the procedure detailed in Figure 2a and
Section 2.2.2.



Remote Sens. 2020, 12, 522 6 of 23

Remote Sens. 2020, 12, 522 6 of 22 

 

 
Figure 2. Overall workflow followed in this study detailing the steps for: (a) Collecting the training 
and testing points and the classes used for set-1 and set-2; (b) Performing the classification using set-
1 reference data to obtain Radar Optical cross Masking (ROM) and using set-2 reference data to obtain 
crop map; and (c) For S1+S2 combined classification using set-2 reference data. 
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spread across the study area. The sample points for each class along with their geolocations are shown 
in Figure 3b.  

Vegetation is defined as land surface with plants and includes plantation, grass and forest. The 
contrasting nature of backscattering from vegetation and monsoon crops forms our basis of utilizing 
the temporal S1 backscattering signatures for Radar Optical cross Masking (ROM) as discussed in 
Section 2.2.6 below. As displayed in Figure 3a, temporal SAR backscattering signatures are effective 
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segregate crops from bare soil with very high accuracy using only S1 SAR data. Hindrance in 
segregating crops from bare soil forms our basis of integrating optical data with SAR as bare soil is 

Figure 2. Overall workflow followed in this study detailing the steps for: (a) Collecting the training
and testing points and the classes used for set-1 and set-2; (b) Performing the classification using set-1
reference data to obtain Radar Optical cross Masking (ROM) and using set-2 reference data to obtain
crop map; and (c) For S1+S2 combined classification using set-2 reference data.

2.2.1. Satellite Data Pre-Preprocessing

We used freely available S1 SAR data and S2 optical data provided by the European Space Agency
(ESA) and images were accessed and processed on the GEE platform [65]. We used S1, C-band,
dual-polarization VV (single co-polarization, vertical transmit/vertical receive) and VH (dual-band
cross-polarization, vertical transmit/horizontal receive) dataset for the Interferometric Wide Swath
(IWS) mode in the descending look angle [66]. The GEE platform provides S1 data pre-processed with
thermal noise removal, radiometric calibration and ortho-rectification using the Sentinel-1 toolbox
resulting in ground-range detected images with backscattering coefficients in decibel (dB) scale.

Using temporal VH and VV polarization, SAR monthly composite images were created by
considering median values. We also used these monthly median composite images to create False
Color Composite (FCC) to aid in visual interpretation of the images for training and testing data
collection (Figure 4). For optical data, we used the S2 level 1-C, ortho-rectified and geo-referenced
top-of-atmosphere (TOA) reflectance data product [67]. The collection contains Multi Spectral
Instrument (MSI) bands with a scaling factor of 10,000. To maintain the quality of the data analysis and



Remote Sens. 2020, 12, 522 7 of 23

products during the monsoon season, we considered Sentinel-2 images with cloud cover of 5% or less.
On these filtered images, we applied an automated cloud masking algorithm using quality assessment
band (band QA60) to mask both opaque and cirrus clouds [68]. The images acquired after the month
of November were not considered as we assumed that crops grown after this time are not monsoon
crops, based on existing literature [24,60]. A total of 516 S1 images and 1734 S2 images were used for
the entire monsoon crop-growing season of 2018.

2.2.2. SAR Temporal Backscattering

Temporal backscattering profiles were obtained using C-band VH polarization S1 imagery
from monsoon crops (rice and black gram/soybean), bare soil, urban, water and vegetation
(forest/plantation/grass) features shown in Figure 3a, similar to what obtained by Singha et al. [31].
The backscattering profiles were generated by taking the mean of 10 sample points for each class
spread across the study area. The sample points for each class along with their geolocations are shown
in Figure 3b.
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10 points each for land cover features, collected from monsoon crops and other land use/cover classes 
during the monsoon season (June–November 2018). Urban and vegetation class shows constantly 

Figure 3. (a) Sentinel-1 (S1) mean temporal backscattering profile with VH polarization obtained from
10 points each for land cover features, collected from monsoon crops and other land use/cover classes
during the monsoon season (June–November 2018). Urban and vegetation class shows constantly
high backscattering intensities throughout the monsoon season, water shows very low backscattering
intensities and monsoon crops and bare soil has backscattering values between urban/vegetation and
water; (b) Representative reference points along with its coordinates on the high-resolution google
earth imagery.
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Vegetation is defined as land surface with plants and includes plantation, grass and forest.
The contrasting nature of backscattering from vegetation and monsoon crops forms our basis of
utilizing the temporal S1 backscattering signatures for Radar Optical cross Masking (ROM) as
discussed in Section 2.2.6 below. As displayed in Figure 3a, temporal SAR backscattering signatures
are effective in separating crops (rice, black gram, and soybean) from water, urban and vegetation.
However, these signatures are mixed with bare soil during the crop-growing season. So, it becomes
difficult to segregate crops from bare soil with very high accuracy using only S1 SAR data. Hindrance
in segregating crops from bare soil forms our basis of integrating optical data with SAR as bare soil
is very distinct in optical data compared to crops and other vegetation due to its lack of ‘greenness’
reflected in low Normalized Difference Vegetation Index (NDVI) values [69].

In the study region, the SAR backscattering signatures obtained from vegetation
(forest/plantation/grass) and urban class are non-dynamic throughout the monsoon season, and
have nearly constant high backscattering values (~−16 dB to −10 dB) compared to other LULC features.
During the time of classification, there is high probability of vegetation class being mixed with urban
and vice versa. Monsoon crops and bare soil have dynamic backscattering throughout the crop growing
season. For crops such as black gram and soybean, the land preparation starts from first week of June
and last until mid-July based on the onset of the monsoon. For these monsoon crops, the backscattering
is initially low due to land preparation in June and increases with time as the crop grows. For rice, land
preparation starts in the July/August when the fields have sufficient amount of water as rice is a water
intensive crop [31]. Rice shows very low backscattering during the land preparation/transplanting
stage. During the time of maturity, the backscattering increases for both black gram/soybean and
rice. The backscattering is high for rice compared to black gram/soybean due to high biomass content
resulting in high volume scattering from the rice fields.

For bare soil, the initial backscattering is similar to that obtained from black gram/soybean due to
the presence of exposed soil with no crop cover. It can be seen that bare soil signature can get mixed
with that from rice in the month of July. Hence, overall it is very difficult to segregate monsoon crops
from bare soil with very high accuracy. For water, the backscattering is very low (<−25 dB) throughout
the monsoon season, hence it is easily segregated from monsoon crops.

2.2.3. Training and Testing the Classifiers

We collected a total of 1500 reference points required for training and testing the classifiers for
the five broad land use land cover (LULC) classes: monsoon crop, bare soil, water, vegetation, and
urban (Figure 4a). We defined bare soil as any land cover feature, which is devoid of vegetation, either
a barren land, fallow land with no crop, or any region with exposed soil. We collected these points
through a combination of field visits, high-resolution google earth imagery and visual interpretation
of S1 and S2 satellite imagery using the method similar to those explained in [31,70]. Using multiple
datasets to generate the training and testing points ensures that only land cover features, which have
the high probability of belonging to the actual land cover class on the ground, are selected for training
and testing. During field visits, information on land covers along with their geographic coordinates
were collected using a handheld Global Positioning System (GPS) device. Field visits were conducted at
four agro-ecological sub-regions: (1) Madhya Bharat Plateau and Bundelkhand Uplands, (2) Vindhyan
Scarpland and Baghelkhand Plateau, (3) Eastern Ghats (South), and (4) Andhra Plain (Figure 1b).
We collected a total of 500 points for monsoon crops, 300 points each for bare soil and vegetation, and
200 points each for water and urban, using stratified random sampling approach. The number of
points collected for each land cover was decided based on the relative dominance of these land covers
in the study landscape.

First, the field data points were imported on GEE platform and were overlaid on the S1 and S2
FCC images. Using this ground truth data, the extracted features were used to identify similar LULC
features in other regions using visual interpretation techniques on FCC of S1 and S2. The extracted
features were verified using the high-resolution google earth imagery. Extracting training points for
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water, forest/plantation and urban is straightforward in S1 as they are not dynamic over time and
have very distinct temporal backscattering signatures compared to crops and bare soil as shown in
Figure 3 and explained in Section 2.2.2. We only assigned a reference point to a particular LULC, if the
corresponding LULC class was confirmed in all three layers (S1 FCC, S2 FCC, and high-resolution
google earth imagery). Finally, the field data points and points generated through visual interpretation
were merged together to be used for training and testing on GEE platform (Figure 4a). Representative
reference points for monsoon crop and bare soil are shown in Figure 4b,c. We randomly identified 70%
of the 1500 reference points as ‘training points’ using the ‘randomColumn’ function in GEE and used
those for training the random forest (RF) classifier. The rest of the reference points (30%) was used as
‘testing points’, i.e., for post-classification accuracy assessment. To avoid any biases in selecting the
training and testing points, we performed the classification and accuracy assessment iteratively for 20
times by randomly dividing training and testing points in 70:30 ratio.
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earth imagery for monsoon crop (white hollow circle) and bare soil (white solid circle); (c) The same
representative reference points as shown in (b) confirmed using Sentinel-1 monthly median false color
composite imagery (red—June, green—July, and blue—August).

2.2.4. Classification Based on Sentinel-1

We considered a monthly composite of SAR data using both VH and VV (VH + VV) polarization,
instead of a single date image for S1 classification, as previous studies have shown that multi-temporal
SAR data perform far better than single SAR image for crop classification [41,45,47]. Considering
multi-temporal SAR data becomes even more important for diversified cropping pattern in India as
such data are able to take into account the variation of crops grown in different time of the season.
Using the training dataset, the RF classifier was run on monthly median composite of June–November
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2018. The RF is an ensemble classifier that follows the decision tree approach in which randomly
selected results from multiple decision trees are combined together to obtain highly accurate and stable
classification results [65–68]. RF algorithm can handle large quantity of complex multi-source data
and is robust against overfitting. For initiating RF classifier, the user must define two parameters,
the number of trees to grow and the number of variables used to split each node. In this work,
the number of decision trees used are 100 and the variables used to split each node was set to square
root of the number of overall variables. Previous studies have shown that RF classifier outperforms
other parametric classifiers such as Support Vector Machine (SVM) in obtaining improved classification
results [71–74]. RF outperforms SVM in many ways as it can handle large database of temporal images,
requires less training time. In addition, the number of user-defined parameters required in RF are less
and easier to define compared to SVM [75–77]. RF performs better if there are sufficient amount of
training dataset as we have in this study. RF is also successful in discriminating classes with similar
characteristics such as crops and vegetation [78]. For this study, S1-based classification was performed
using two different output criteria: one with a classified map with five classes (Section 2.2.3) and the
other with only two classes – cropland and non-cropland (obtained by combining non-cropland classes,
i.e., bare soil, water, vegetation and urban). In addition, we calculated the classification accuracy for
each AER separately. The classification and accuracy assessments were performed 20 times using
unique set of training and testing data.

2.2.5. Seasonal Normalized Difference Vegetation Index (NDVI)

The Normalized Difference Vegetation Index (NDVI) is a widely used remote sensing measure to
assess the health of the vegetation and to differentiate crops, and other vegetation (forest, plantation,
grass) from bare soil, water and urban [79]. NDVI is a unitless measure and ranges between −1
and 1. Healthy vegetation typically has higher NDVI values compared to non-vegetated surfaces.
For calculating NDVI, we require the red and near-infrared (NIR) reflectance bands (Equation (1)):

NDVI = (NIR − Red)/(NIR + Red) (1)

In S2 imagery, we used band 4 and band 8, respectively, for red and NIR in the above equation.
We calculated NDVI for all the available cloud free pixels in our image as our main focus was on
cropped field identification, especially since previous studies have shown high correlation between
NDVI and photosynthetic activities of the cropped fields [80]. To generate the seasonal maximum
value of NDVI (maxNDVI), we performed temporal aggregation of NDVI from July to November
(Figure 5). Temporal aggregation is an approach to perform pixel-based analysis over a period of time
using metrics (i.e., mean, median, maximum etc.) from satellite derived reflectance or satellite-derived
indices (e.g., NDVI, Enhanced Vegetation Index (EVI), etc.) [68]. The aggregation addresses the
problem of lack of continuity in the optical data due to cloud cover and reduces the volume of data
for further processing [68,81]. During monsoon season, optical satellite images in India contain
considerable amount of cloud patches, which affects the radiometric quality of the images, thus limiting
intra-seasonal crop monitoring capability. We calculated maxNDVI in order to fill this data gap and
to capture the crop heterogeneity, i.e., considering all monsoon crops with different intra-seasonal
phenology. In this maxNDVI dataset, both crops and vegetation (forest/plantation) have higher values
compared to water, urban and bare soil. We further utilized the Otsu’s thresholding approach in GEE,
to differentiate between the crops/vegetation (forest, plantation) from non-vegetative features with
low NDVI values (bare soil, urban and water) [82]. This approach is an automated way of finding
an optimal global threshold based on the observed distribution of pixel values. Based on the pixel
value distributions for the LULC classes considered in this study, the Otsu’s thresholding value for
maxNDVI is 0.36.
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2.2.6. Radar Optical cross Masking (ROM)

It was not possible to differentiate between crop and vegetation within the maxNDVI dataset,
which is an important step for a crop mapping procedure involving optical data. Due to non-availability
of high-resolution (10m) non-crop mask for the region, we developed a method of masking non-crop
vegetation from maxNDVI using classified SAR imagery (Figure 2b). From the S1-derived classified
map with five LULC classes, vegetation (forest/plantation/grass) and urban classes were further
combined together as a non-dynamic class to obtain the non-crop mask and to segregate crops
from vegetation in maxNDVI imagery. We combined vegetation and urban as one class, instead of
considering only vegetation, since these two classes have similar backscattering signatures and are
difficult to segregate in S1-derived map as described previously (Section 2.2.2, Figure 3). Moreover,
combining urban and vegetation to obtain the non-crop mask is less likely to affect our outputs, as urban
class is already masked out from the maxNDVI data due to the application of Otsu’s thresholding.
We coined this technique as Radar Optical cross Masking (ROM) where we used the non-dynamic,
non-crop (urban + vegetation) mask to separate vegetation from crops resulting in crop only maxNDVI
dataset (NDVImask; Figure 2c).

2.2.7. Classification Based on Combined Sentinel-1 and Sentinel-2

In this step, the S1 data and NDVImask were combined for pixel-based classification to examine if
adding NDVImask imagery will result in improved monsoon crop mapping accuracy compared to
using S1 only classified map. Combining S1 and NDVImask will also address some of the limitations
of using only S1 data for monsoon crop mapping (Section 2.2.2, Figure 3). The monthly median SAR
composites from June to November were stacked together with NDVImask data obtained after using
ROM. The RF classifier was run on the combined dataset with the number of trees set as 100 and the
variables to split each node set to square root of the number of overall variables. The output from this
classification is a binary crop/non-crop map using training and testing set-2 (Figure 2c). Similar to the
S1-based classification, the combined S1 and S2-based classification and accuracy assessment were
repeated for 20 times to avoid any biases in the classification accuracy.

2.2.8. Accuracy Assessment

Both classification outputs obtained from S1 and combined S1 and S2 were evaluated and
compared using the standard count-based accuracy assessment methods of overall accuracy (OA)
and kappa coefficients obtained from the confusion matrix [83] using 20 different iterations. User’s
accuracy (UA) and producer’s accuracy (PA) were calculated using 30% testing points that were not
involved in training the classifiers. UA measures the error of commission, i.e., the proportion of pixels
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that were incorrectly included in a class that is being evaluated. PA measures the error of omission,
i.e., the proportion of pixels in a certain class that is being evaluated that were incorrectly classified in
another category, and were omitted from the ‘truth’ class as identified by the test points.

We further calculated the F-score to determine the degree of discrimination among the five LULC
classes obtained from the S1-derived classification and the binary crop vs non-crop classification
obtained from S1 only and S1+S2 combined derived classification. The F-score ranges between 0 and 1,
with higher values denoting better discriminating power among the classes. The F-score is calculated
using Equation (2) mentioned below [84]:

F− score =

(
(UA× PA)

(UA + PA)

)
× 2 (2)

We did not compare the accuracy of the results obtained with the crop estimates provided by
government due to non-availability of crop census data for the monsoon crop season 2018–2019.

3. Results

3.1. Accuracy of S1 Only Classification

The classification accuracy obtained from S1-derived classification using training and testing set-1
is shown in Table 2. The OA obtained after 20 iterations is 80.0%. The kappa coefficient obtained is
0.74 (Table 2). Our results indicate that the water class was easily identified (F-score = 0.96) using SAR
data among the five LULC classes. The low F-score obtained for urban (0.64) class indicates that the S1
SAR data has the least discriminative capability to segregate urban from other classes. SAR data was
moderately successful in discriminating monsoon crops from other land cover classes (F-score = 0.84).

Table 2. Overall Accuracy (OA), Kappa, User’s Accuracy (UA), and Producer’s Accuracy (PA) for
land cover classes obtained from S1 only classification using VH + VV polarization and training and
testing set-1.

Land Cover Type S1 Only (VH + VV)

UA PA F-Score

Water 0.96 0.96 0.96
Bare soil 0.79 0.8 0.79
Urban 0.78 0.54 0.64

Vegetation 0.68 0.75 0.71
Monsoon crop 0.81 0.87 0.84

OA 0.80
Kappa 0.74

3.2. Accuracy of Binary Crop Maps from S1 Only and Combined S1 and S2

The comparison of accuracy assessment obtained from S1 only and S1+S2 combination using
training and testing data set-2 is displayed in Table 3. The crop vs. non-crop overall classification
accuracy obtained by S1+S2 combination is approximately 3% higher than obtained by using S1 only
dataset. The standard deviation of kappa values while randomly changing the training and testing
points for 20 classifier iterations are slightly higher for S1 only compared to S1+S2 classification. The
F-score for both S1 and S1+S2 classification shows high discriminative capability (>0.85). Moreover,
the F-score for the combined S1+S2 is higher compared to S1 only classification for both crop and
non-crop class.

NDVImask image obtained after applying ROM on maxNDVI is shown in Figure 6. It can be
seen that non-dynamic forest/plantation regions can be effectively separated from crops using ROM.
In the figure, regions with forest and plantation (casuarina and eucalyptus) are masked out using
ROM to obtain NDVImask image with crops only. The crop map generated using combined S1 and S2
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data is shown in Figure 7. Detailed zoom-in views for selected locations using the combined S1+S2
classification and its comparison with high-resolution imagery are also shown (Figure 8). It can be
observed that the combined approach is efficient in differentiating monsoon cropland from plantation
(such as mentha/casuarina/eucalyptus) in AER-1 (Figure 8a) and AER-4 (Figure 8c).Remote Sens. 2020, 12, 522 13 of 22 
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Figure 6. Steps for obtaining high-resolution (10m) non-crop mask using the ROM technique: (a)
High-resolution google earth imagery showing forest class mixed with monsoon crops in white square
box and plantation mixed with monsoon crops in yellow square box; (b) False Color Composite VH
polarization Sentinel 1 (S1) imagery for the same region; (c) maxNDVI for plantation region before
applying ROM; (d) NDVImask obtained after applying ROM for plantation; the plantation regions are
masked out from monsoon crop and is shown in the dark grey color; (e) maxNDVI for forest region
before applying ROM; and (f) NDVImask obtained after applying ROM for forest region. It can be
observed that regions of hill shadows are not masked completely.
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Table 3. Overall Accuracy (OA), Kappa coefficient, User’s Accuracy (UA), and Producer’s Accuracy
(PA) for crop vs. non-crop mapping obtained from S1 only and S1+S2 classification using training and
testing data set-2.

User’s
Accuracy

Producer’s
Accuracy

Overall
Accuracy Kappa F-Score

S1 Only
Classification

cropland 0.82 0.88
0.90 + 0.017 0.77 + 0.039

0.85

non-cropland 0.94 0.91 0.92

S1+S2
Classification

cropland 0.88 0.9
0.93 + 0.015 0.83 + 0.033

0.89

non-cropland 0.95 0.94 0.95
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Figure 8. Zoom-in view of the monsoon cropland map generated from the combination of S1+S2 for
the agro-ecological regions (AER) at various scales and its comparison with high resolution imagery:
(a) Northern Plain (AER-1); (b) Deccan plateau (AER-3); (c) Central Highlands (AER-2); and (d) Deccan
Plateau, Eastern Ghats and Eastern coastal plains (AER-4 and 5).

3.3. Accuracy of Binary Crop Maps for Each AER

The comparison of accuracy assessments obtained from S1 only and S1+S2 combination using
training and testing data set-2 for the selected AER regions are shown in the Table 4. We found
that for all of the AERs, OA obtained from S1+S2 combination outperformed the one obtained from
S1 only classification and the improvement varies across the AERs. Also, the OA obtained by the
combined S1+S2 was greater than 90% for all of the AERs. The OA difference between S1+S2 and S1
was the lowest for the AER-3 (Table 4), whereas it was greater than 4% for the other three selected
AERs. For AER-1, which is dominated by rainfed-dryland crops (90%) with some rice-growing regions
(10%), there is a 4% improvement in classification accuracy from S1 to S1+S2. For the S1 dataset,
low classification accuracy of AER-2 and AER-4 and 5 compared to the other two AERs is due to the
fact that these two regions are dominated by vegetation mixed with crops and have hilly undulating
terrain which may have reduced the S1 classification accuracy. AER-2 hosts Vindhyachal and Satpura
range whereas AER-4 and 5 are dominated by Eastern Ghats and fragmented vegetation. For both these
regions, classification accuracy improved by 5% when S1 data is combined with S2 data. In addition,
late maturity crops such as rice or cotton dominate these two regions. Hence, contribution from S2
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data towards classification accuracy increases in these regions with increasing availability of cloud
free optical data towards the end of the monsoon season. For AER-3, it was observed that combined
S1+S2 dataset shows no major improvement over S1 only classification. This region is mainly a
plateau with less variation in elevation and negligible forested land. Hence the mixing of crops with
natural vegetation is limited resulting in no major inaccuracy in S1-derived classification due to terrain
or vegetation.

Table 4. Classification accuracy for different AERs obtained from S1 and combined S1+S2
classified maps.

S1 Classification S1+S2 Classification

OA Kappa OA Kappa

AER-1 0.90 0.81 AER-1 0.94 0.88
AER-2 0.89 0.76 AER-2 0.94 0.86
AER-3 0.92 0.79 AER-3 0.93 0.83

AER-4 and 5 0.85 0.67 AER-4 and 5 0.90 0.77

4. Discussion

4.1. Monsoon Crop Mapping by Combining S1 and NDVImask

Due to the lack of free time-series of SAR data until recently, previous studies mostly focused on
using medium resolution Landsat data (30 m) or MO DIS data (250 m) over large geographic region
for monsoon cropland mapping [20–27]. However, using MODIS or Landsat might not be the best
approach for monsoon cropland mapping due to frequent cloud cover [24,26]. The spatial resolution
of these coarse resolution satellites is not suitable either to capture the small field sizes or mixed
agriculture landscapes, thus limiting their usage for preliminary assessment and understanding of
croplands over large region. Relying on cloud free optical data alone is not always viable for studying
monsoon crops as most of the crops are harvested before cloud free scenes become available in the late
monsoon season. Using SAR data during the monsoon season can address this issue. However, SAR
data suffers from speckle effects, which makes it difficult to use SAR data alone for generating reliable
crop statistics across large regions [65]. Both optical and SAR sensors have limitations for monsoon
crop study, but a synergistic approach of combining these data can improve the crop mapping for
small-scale farmers at high resolution (Figures 7 and 8). The technique used in this study differ from
other published literature as we propose a new way of pixel-based combination of SAR data with
temporal aggregation of optical data (maxNDVI) using ROM. Previous studies for monsoon crop
monitoring using combination of SAR and optical data were limited to water-intensive rice crops and/or
small geographic regions where it was possible to obtain at least one cloud free optical image [34,53,57].
The results presented in this work are important, as this will provide the first high-resolution (10 m)
monsoon cropland map generation, and can also be transferred to other agro-ecoregions. This method
shows an improvement over existing methods that are primarily focused on non-monsoon/winter
cropland mapping at 30 m or coarse resolution [20,24,27,85].

Several sources of error might have affected the results from the S1+S2 combined methodology
presented in this study. One of the reasons may be due to the lack of cloud free S2 pixels during the crop
growing season. It is possible that in some regions the classification results were solely generated from
SAR data due to the non-availability of a single cloud-free S2 image, and could result in inconsistencies
in accuracy. There might be errors while training the model and/or due to mixed pixels which may
reduce the classification accuracy. The study area is complex with varying farming practices which may
result in misclassification of land cover classes in SAR data. Also, the variations in SAR backscattering
due to geometric errors (layover, shadow) over hilly terrain affects the accuracy [31]. Using temporal
SAR data, along with stratified random sampling and running multiple iterations of the RF classifier
reduces the biases, however doesn’t completely eliminate it. Using the automatic Otsu thresholding
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method to extract vegetation cover and segregate vegetation from low NDVI values representing soil,
water, and other non-vegetated regions in optical data reduces the overall uncertainty as well.

The ROM generated from S1 SAR data, addresses the issue of miss-classification of spectrally
similar plantation and forested vegetation with monsoon crops as visually interpreted (Figure 6).
During the monsoon season, optical datasets are only available towards the end of season when
crops have already been harvested or are in their peak growth stages [26]. During the peak-growth
stage, the spectral signatures of these crops are similar to plantation or other non-crop vegetation,
thus making it difficult to segregate the monsoon crops from natural vegetation [31–33]. The usage
of temporal SAR-based phenology to generate five land cover classes to produce ROM, masks out
the vegetation from monsoon cropland, and improves the classification accuracy (Figures 6 and 8).
ROM helps in segregating monsoon cropland from plantation and natural vegetation (forest/grassland)
and can be utilized for large regions, as it is not affected by clouds. The ROM produced here is dynamic
and can be regularly updated based on the available SAR images. The ROM may also have applications
in LULC change monitoring and segregation of non-dynamic LULC features from dynamic croplands.

Overall, our method of integrating SAR composite with seasonal NDVImask for monsoon
cropland mapping overcomes four main challenges of mapping smallholder agriculture across large
spatio-temporal scales: (i) the method works well in different agro-ecological regions as it takes
into consideration of the crop planting time and duration, (ii) it can be used in regions with high
cloud cover, such as most tropical countries, (iii) it reduces the sub-pixel heterogeneity in mapping
monsoon cropland as the resolution of the output cropland map (10 m) better matches the small farm
sizes in most developing countries, and (iv) it helps in distinguishing between monsoon cropland
areas from plantation/natural vegetation which has similar signatures during the peak crop growing
season. The high-resolution monsoon cropland map produced in this work has the potential to assist
government agencies, landscape managers, and researchers in monitoring monsoon crops, which in
turn would help us to better understand the factors influencing the production of these crops. Until now,
it takes more than a year to make these crop estimates available for decision makers and researchers.
This study also has the potential to support global agriculture monitoring missions of Sen2Agri and
Geo Global Agriculture Monitoring (GEOGLAM). The objective of GEOGLAM is to provide timely,
easily accessible scientifically validated remotely sensed data and derived products for crop-condition
monitoring and production assessment. Also, one of the requirements of Sen2Agri mission is to
produce national scale dynamic cropland masks other than producing cloud free composites, crop
type maps and to indicate the status of current vegetation at 10 m resolution [27,86]. Previous research
conducted for Sen2Agri mission to generate dynamic cropland was limited in scope in tropical regions
as they relied only on optical datasets [86,87]. This work supports the GEOGLAM and Sen2Agri
mission as it produces high-resolution monsoon cropland map over large region comprised of different
crop-growing regions. The methodology developed here is also suitable for generating national level
dynamic cropland masks.

4.2. ROM Uncertainty

In this study, S1-based classification was performed using the RF classifier and training and
testing data set-1 for generating ROM. The accuracy of ROM and in turn NDVImask depends on how
accurately the non-dynamic land use/cover classes are classified. Based on the classification accuracy
(Table 2), it was observed that PA was lowest for the urban class. There were many instances where
urban area on the ground was misclassified as other classes including vegetation, likely due to the
presence of tree canopy cover in urban centers. The accuracy of ROM will vary depending on whether
these omitted ‘urban’ points are being classified as ‘vegetation’ or other classes. Our results indicate
that UA was the lowest for vegetation class (Table 2) which shows that points from other classes
were committed to the vegetation class. The overall accuracy of the classification will also affect the
performance of ROM. The F-scores for urban (0.64) and vegetation (0.71) show low discriminative
capability compared to the water (0.96) and monsoon crop (0.84) classes (Table 2). Thus, this may
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also have affected the accuracy of ROM. Visual inspection of the output maps revealed that the
classification accuracy of S1 data to obtain ROM was high for plantation compared to forested regions
(Figure 6c–f). This is due to the fact that in our study region, forested regions are mainly found in hilly
and mountainous regions, which are affected by geometric errors such as layover or shadow and thus
affect the classification accuracy. Also, the forested regions in this part of India is either open forest
or scrubland which has open spaces or bare soil in between the canopies, affecting the accuracy of
ROM [88].

To improve the classification accuracy of S1 for ROM generation, second order texture measures,
which involves using Grey-Level Co-occurrence Matrices (GLCM), can be included for improving the
classification accuracy of SAR data, especially for discriminating forest and plantation regions [53].
In addition, with advancement in technology and availability of large amount of satellite data, more
powerful deep learning methods such as long short-term memory (LSTM), which efficiently handles
time series data, may be utilized for improving the overall classification accuracy and in producing
ROM in particular [89,90].

5. Conclusions

This study presents a synergistic approach of combining SAR with optical data for monsoon crops
over different agro-ecological regions in India utilizing the GEE platform. The overall accuracy of
93%, for the binary cropland/non-cropland map, suggests that the combined approach introduced
in this research is reliable for monsoon cropland mapping, especially in regions dominated by
rainfed-dryland crops. The combined approach provides classification accuracy of 90% or more in
different agro-ecological regions dominated by diverse crops. The ROM proposed here has overcome
the challenge of differentiating natural vegetation from monsoon cropland mapped during the peak
growth stages in monsoon season. Thus, it has applications for segregating cropland from vegetation
cover, and may assist in generating a non-crop mask in regions affected by cloud cover. This study
can provide important information for decision makers and researchers as monitoring these crops is a
challenging task due to small farm size and frequent cloud cover during the crop-growing season.
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