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1. INTRODUCTION

Eradicating hunger and ensuring food security are top priorities for humanity. Crop classification
(CC) maps are vital for designing and implementing agricultural monitoring practices that ensure food
security and deal with environmental challenges caused by global warming [1], [2]. While extensive farming
is a global trend, smallholder farming is widespread in India, as a result, the performance of small and
marginal farmers will determine the future of sustainable agricultural growth and food security in India [3].
In India, cropping patterns are highly diverse concerning the types of crops and their number per year,
making classification a challenging task. The traditional method of sample surveys used to determine crop
distribution is labor-intensive and requires substantial resources, and its quality and timeliness cannot always
be guaranteed [4]. However, satellite remote sensing has shown a higher potential for creating accurate crop
maps. With the introduction of the Copernicus program, which offers frequent and cost-effective
observations in optical Sentinel-2 and microwave Sentinel-1 domains, satellite remote sensing has become an
attractive alternative for determining accurate crop maps [5]. Dealing with the processing of massive volume
of remote sensing data for large areas poses several challenges, including time-consuming tasks, high data
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bandwidth requirements for downloading, and the need for fast computing and enormous storage capacity.

Google Earth Engine (GEE) is a cloud-based platform that permits users to download and process remote

sensing imagery quickly. GEE has become increasingly popular among researchers due to its availability of

different machine learning algorithms and quick processing times [6], [7]. Previous studies have
demonstrated significant progress in building machine learning-based CC algorithms utilizing remote sensing
imagery [8], [9]. The random forest (RF) classifier is particularly popular among researchers due to its

outstanding classification accuracy and high processing speed in remote sensing applications [10].

Cloud cover poses significant challenges when it comes to using optical remote sensing, but
synthetic aperture radar (SAR) images with cloud penetration capabilities can overcome this issue. Optical
data is an excellent choice for creating crop maps since it allows the calculation of vegetation indices and
provides valuable information about the biophysical processes of vegetation. On the other hand, SAR
backscattering echo can reflect structural information about the target, based on the frequency and
polarization [11]. The combination of optical and microwave imagery can be deployed to get accurate crop
mapping through fusion techniques. Many researchers have proposed the amalgamation of optical and
microwave information for CC [12]-[16], but only a few have focused on small farmlands. While researchers
have used object-oriented (OO) techniques to enhance CC accuracy [17]-[19], most of the work focuses on a
single type of microwave or optical remote sensing images. Moreover, to the best of our knowledge,
no research has yet explored the utilization of OO approach combined with the amalgamation of Sentinel-1
and Sentinel-2 imagery for small farmlands. The major objectives of research are:

— Evaluate mapping of crops with Sentinel-1 and Sentinel-2 data in regions having small-size farms using
OO0 CC.

— Investigate the performance of OO and pixel-based (PB) technique for CC.

— Study normalized difference vegetation index (NDVI), green normalized difference vegetation index
(GNDVI), normalized difference yellow index (NDYI), modified normalized difference water index
(MNDWI), and backscatter temporal profiles of various crops.

The remaining paper is organized as follows: in section 2, we review the works related to CC, while
section 3 provides information on data acquisition and the proposed methodology of the CC algorithm.
In section 4, we present the obtained results for CC using different combinations of Sentinel-1 and Sentinel-2
data. Finally, in section 5, we summarize the future scope of the proposed research and our conclusions.

2. LITERATURE REVIEW

This section covers previous studies done by researchers for CC. Previous studies demonstrate the
fusion and single sensor methods based on either optical or SAR data for crop mapping. Son et al. [20]
demonstrated the application of a smooth backscattering profile for rice crop mapping using Sentinel-1A data.
Nihar et al. [21] investigated the capacity of Sentinel-1 data for maize and corn crop area mapping using
vertical-horizontal (VH) and vertical-vertical (VV) backscattering decision tree classifier recorded the accuracy
of 75.0% for VH. In [22]-[24], deep learning methods were evaluated for CC using SAR data. Research by
Kobayashi et al. [25], using the Sentinel-2 data authors, computed and evaluated 91 published spectral indices
for CC and concluded that CC based on spectral indices gave good results. Saini and Ghosh [26] concluded that
the NIR band in Sentinel-2 data played the most prominent role in CC results concluding that overall CC
accuracy of Sentinel-2 imagery obtained by RF and support vector machine is 84.22% and 81.85%, respectively.

Sonobe et al. [27] concluded that for detailed crop mapping, vegetation indices calculated from the
original reflectance of Sentinel-2 contributed significantly. Mazzia et al. [28] proposed the application of
recurrent and convolution neural networks for land cover and CC using Sentinel-2 data. Sentinel-2 red edge
bandl and shortwave infrared bandl had shown greater accuracy in crop mapping. The amalgamation of
optical and SAR data offers a comprehensive representation of structural and biophysical information about
objects, improving CC accuracy. Many researchers have used optical and SAR data integration for CC
[12]-[16]. The above-mentioned CC methods are PB and perform CC by deriving the temporal optical or
microwave features of image elements. PB CC techniques neglect the spatial correlation among adjacent
pixel elements [29], due to which these techniques are sensitive to salt-and-pepper noise and have higher
requirements for computing power [30]. The OO CC techniques based on remote sensing images can lower
the salt-and-pepper noise [17], [18]. Yang et al. [19] demonstrate the potential of simple non-iterative
clustering (SNIC) superpixel segmentation technique for high-resolution crop mapping based on Sentinel-1
data. A 10% increase in accuracy was obtained in [31] utilizing composite Sentinel-1 images and the OO
categorization technique.

In conclusion, research combining optical and SAR characteristics of crop type mapping has
received much attention. The following possible set of concerns has been found in previous research work:
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— Many researchers have proposed the amalgamation of optical and microwave information for CC, but
only a few have focused on small farmlands.

— Most current studies on heterogeneous farmlands are based on PB CC method which suffer from salt and
pepper noise.

— Most of the work focuses on a single type of microwave or optical remote sensing images. There has been
less attention given to the advantages that can be obtained by fusing different types of images.

The proposed work exploits OO approach fusion of SAR and optical data for CC. The experiment is focused

on smallholder agricultural landscapes in rural Maharashtra.

3. METHOD

The Figure 1 illustrates the adapted methodological approach for CC in the investigation area, which
involves using various features extracted from Sentinel-1 and Sentinel-2 data. The approach comprises four
main steps: i) acquisition and preprocessing of Sentinel-1 and Sentinel-2 data, ii) data preparation, where
vegetation indices are calculated from time series optical and SAR images, iii) CC, where extracted optical
and SAR features are merged, and CC is performed using OO and PB approach in different scenarios on
GEE platform using RF classifier, and iv) accuracy assessment of the resulting classified maps.

Data acquisition and
| Preprocessing GEE

l
| Fielddata [/ sentinet |
l |

‘ Data Preprocessing ‘

Data
| Preparation Calculation of SAR features Calculation of optical features ;
i Crop Different feature combinations |
! classification ) ‘ : :
! VV+VH Sentinel2+ NDVI Sentinel2+ GNDVI Sentinel2+ MNDVI i
‘ Sentinel2 Bands ‘ | Sentinel2 + NDYI ‘ ‘ Sentinel1 + Sentinel2 ‘
‘ SNIC Segmentation H Object Oriented ] I Pixel based ‘
‘ RF Classifier |
‘ Accuracy Assessment |

Figure 1. Flowchart of methodology

3.1. Sentinel-1 and Sentinel-2 data acquisition and preprocessing

The study encompasses an area of around 743 km?2 with 70% of the land dedicated to agriculture.
The landscape is heterogeneous and complex, with chickpeas and wheat being the dominant crops grown.
The agricultural area is mostly composed of small farms that are less than a hectare in size. The study area is
situated at latitude 19.912676 and longitude 77.566910. The soil in the area has a clayey loamy texture and is
somewhat alkaline, containing calcium carbonate. The climate in the area is hot and dry during the summer,
with a mean maximum temperature of 41 °C in May and a temperature range of 12-22 °C in winter. The
annual rainfall in the region is typically between 850 and 1,150 mm. The study area includes the villages of
Warud and Bhujla in Pusad, where agriculture is a primary source of income.

3.1.1. Sentinel-1 data acquisition and preprocessing
The study utilized a combination of optical and SAR images for CC. The dataset for ground range
detected (GRD) with Sentinel-1SAR was acquired through the GEE cloud platform, containing all images of
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the study area between January to April 2022. The study employed interference wideband mode with
incidence angle variation of 35° to 40° to acquire the Sentinel-1 SAR GRD dataset, having a spatial
resolution of 10 m and breadth of 250 km. The images underwent preprocessing on the GEE platform within
the Sentinel-1 toolbox. To maintain image sharpness and minimize speckle, a refined Lee filter [32] was
utilized to filter the Sentinel-1 images on the GEE platform.

3.1.2. Sentinel-2 data acquisition and preprocessing

To conduct research, we utilized Sentinel-2 orthorectified images from the GEE platform. The
images were acquired between January to April 2022 over villages of Bhujla and Warud in Pusad,
Maharashtra. Images were collected as a part of the Sentinel-2 multi-spectral instrument (MSI) level-1C
dataset. The dataset consists of 13 top-of-atmosphere reflectance MSI bands, which are scaled by a factor of
1,000. We also used the quality assessment band (QA60) to exclude any invalid observations.

3.1.3. Field data

Between January and April 2022, a team of researchers visited the villages of Bhujla and Warud in
Pusad, Maharashtra to collect field data about crop type and land cover. They used a GPS device to record
the centre and four corners coordinates of each farm, in addition to the name of the crop and supplementary
data about vegetation and structures within each farm. Wheat, chickpea, and watermelon were among the
crops observed and recorded. After the field survey, the GPS coordinates of farm boundaries were uploaded
into ArcGIS as a point shapefile and overlaid onto the GEE for downloading the Sentinel-1 and Sentinel-2
datasets. 70% of the collected ground truth data was applied to train the machine learning model, while the
remaining 30% was used for validation.

3.2. Data preparation
3.2.1. Optical features

The growth of crops can be assessed through spectral indices that are sensitive to vegetation. The
NDVI is highly responsive to leaf area index and chlorophyll present in crops which makes it an ideal metric
to evaluate the greenness of vegetation [33], [34]. A research study has found that the MNDW!I can
effectively differentiate between open surface water bodies and vegetation and soils [35]. GNDVI is highly
sensitive to chlorophyll, according to research [36], [37]. In recent years, the NDYI has been extensively
utilized for calculating foliage cover [38]. Apart from the original Sentinel-2 bands, four prominent
vegetation indices were calculated, including the NDVI, NDYI, GNDVI, and MNDWI.

NDVI:NIR—RED (1)
NIR+RED
GNDVI:NIR—GREEN (2)
NIR+GREEN
NDYI:GREEN—BLUE (3)
GREEN+BLUE
MNDWI:GREEN—SWIR (4)

GREEN+SWIR

3.2.2. Radar feature

Once the SAR image was acquired using GEE platform, VV and VH bands were extracted for CC.
Rain and cloud cover don't affect SAR, which is capable of taking images day and night. The study fully
utilized the benefits of SAR pictures by utilizing all winter wheat observation. Plant growth cycle-related
changes in the water content of the canopy are reflected in VV and VH. band hence VV and VH provide
more information about crop structure and characteristics, significantly improving CC algorithms' accuracy.

3.3. Crop classification
3.3.1. Different feature combinations

Several optical and radar feature combinations were evaluated for the purpose of comparison. The
gamma and cost parameters are suitably tuned by the RF algorithm using a grid search and 8-fold
cross-validation based on the training data. Next, we performed the RF for every combination of data. The
performance of each model was compared by examining the overall accuracy (OA), producer's accuracy
(PA), user's accuracy (UA), and Kappa coefficient (KC), following different combinations of optical and
microwave features were explored to identify the most important radar and optical features for accurate crop

mapping.

Int J Artif Intell, Vol. 14, No. 2, April 2025: 1271-1280



Int J Artif Intell ISSN: 2252-8938 a 1275

Combination 1: VH, VV SAR features

Combination 2: Sentinel-2 bands

Combination 3: Sentinel-2 bands and NDVI

Combination 4: Sentinel-2 bands and GNDVI

Combination 5: Sentinel-2 and NDYI

Combination 6: Sentinel-2 and MNDWI

Combination 7: Only Sentinel-2 bands and NDVI, GNDVI, NDYI| and MNDWI
Combination 8: With the fusion of all Sentinel-1 and Sentinel-2 features.

3.3.2. Pixel based classification

Conventional PB classification is a popular method for generating crop maps. The PB classification
is performed at the pixel level, which solely relies on the spectral data of individual pixels. In PB
classification, each pixel, the smallest unit in the image, is categorized into a predefined class using a trained
model. Salt and pepper noise could be produced by the conventional PB categorization approach, particularly
for Sentinel-1 radar data. This issue is lessened by the object-based approach, which divides the image into
distinct regions or objects based on predetermined criteria by taking into account the neighboring information
of a given pixel.

3.3.3. Object based classification

State-of-the-art machine learning algorithms can execute PB and OO classification methods on
GEE. In the study presented, an RF classifier was used to implement PB and OO classification approaches,
with the number of trees set to 100. An inbuilt GEE image segmentation algorithm was used to implement
SNIC image segmentation, which is an OO imagery segmentation method that groups spatial objects with
high uniformity. First, a centroid pixel initialization is done on the image's regular grid. Then, the
dependence of each pixel with respect to the centroid is ascertained using the distance between pixels in the
five-dimensional space of colour and spatial coordinates. Ultimately, the distance creates effective, compact,
and almost uniform polygons by integrating the normalised spatial and colour distances [19], [31].

The SNIC algorithm was used to compare the performance of optical and SAR features for PB
classification. The algorithm generates a regular grid of seeds using the "Image.Segmentation.seedGrid"
function. The spacing of superpixel seed locations affects the cluster size and can be adjusted to achieve the
best results. The algorithm was tested for different values of seed spacing to determine the best value based
on OA. To produce compact clusters, the "compactness factor" parameter was set to a higher value, while the
"connectivity" parameter was set to 8 to avoid tile boundary artifacts. Additionally, a "neighbourhoods"
parameter was used to ensure that the tiles did not overlap. In this study, the SNIC parameters were set to
compactness = 0, connectivity = 8, and neighbourhood size = 256. Finally, the visualization scale was found
to significantly impact the accuracy of the SNIC algorithm for OO classification.

3.3.4. Random forest classifier

RF is a supervised machine learning model that does not follow the normal distribution of predictor
variables. It integrates large decision trees and employs an adjustable amount of predictor variables. RF is
built using the bootstrapping technique, where each decision tree is fitted based on in-bag data.
For classification, two variables are to be set for the RF classifier, ntree which stands for the number of
decision trees grown and mtry, which stands for the number of variables used at every split. A tree is
trimmed only after it is fully developed and when its nodes are pure and can be used for prediction. RF was
selected for its advantages, including the ability to handle large data sets, resistance to noise and outliers, and
low computational complexity compared to other ensemble methods [39].

3.4. Accuracy assesement

The following metrics are employed to assess the algorithm presented in this work: OA, KC, UA,
and PA. The OA is determined by calculating the ratio of correctly classified cells to the total number of cells
[40]. The KC is a statistical measure of interclass agreement that assesses classification accuracy using all
data available in the confusion matrix. The PA of a map is defined from the map producer's point of view,
whereas UA is defined from the user's point of view [36], [40]. The formulas for OA, KC, PA and UA are
given by expression (5)-(8) respectively.

N ..
04 = Yiz=q Mii (5)

N N
2j=1 Zi=1mij

KC _ NZ?=1mij—Z?=1(mi+m+i) (6)

N2-3T (mj+m+i)
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The PA of a map is defined from the map producer's point of view, whereas UA is defined from the
user's point of view [36], [40]. The formulas for PA and UA are given in (7) and (8).

_my
PA = —_ @)
mij
UA = _— (8)

4. RESULTS AND DISCUSSION
4.1. Analysis of temporal signatures of optical data

In Figures 2(a) to 2(d), the temporal variation of NDVI, NDYI, GNDVI, and MNDWI of different
classes (chickpea, wheat, watermelon, garlic, urban, and water) were plotted to study the temporal pattern of
vegetation indexes at different phenological stages of various crops.

— The NDVI is a measure of vegetation cover that ranges from -1 to +1. In this scale, positive values
indicate areas covered by clouds and water, while a value of O represents no vegetation cover. NDVI
values that are close to 1 indicate dense vegetation. This index has been proven to be a helpful tool in
estimating crop yield and monitoring crop growth. During the sowing period, crops typically have a small
NDVI value. However, as they enter the fast-growing season, the NDVI value increases rapidly. Wheat,
for instance, begins to mature from the end of February, and as it does so, its NDVI value decreases,
reaching a minimum at harvesting time. Chickpea and wheat typically have NDVI values of more than
0.3, while the NDVI of other crops, urban areas, and water bodies are lower than 0.3. The water class
usually shows the lowest NDVI values.

— Based on the blue and green bands, the NDY1 is suitable for representing the increase in yellowness
during blossoming. This is because flowers absorb a significant amount of blue light, and the high
reflectance in the green and red bands is then perceived as yellow. The study found that in-situ data
regarding the beginning and end of flowering was similar to that captured by the Sentinel-1 data [38].

— GNDVI has a temporal pattern similar to NDVI. However, it is a variation of NDVI that uses green
reflectance instead of red.

— MNDWI can distinguish water and urban areas easily because water has the highest MNDW!I value
compared to other classes, while urban areas have negative MNDWI.

January February  March January February ~ March
2022 2022 2022 2022 2022 2022
(@) (b)

=
% —— chickpeas
—— wheat
watermelon
—— garlic
0.2 05
January February  March January  February  March Urban
2022 2022 2022 2022 2022 2022 -— Water
(c) (d)

Figure 2. Temporal profiles of (a) NDVI, (b) GNDVI, (c) NDYI, and (d) MNDWI

4.2. Dynamics of SAR polarisations vertical-vertical and vertical-horizontal
The SAR VV and VH backscatter varies as the crop grows from sowing to harvesting.
Figures 3(a) and 3(b) shows the temporal variation of the average backscatter coefficients of wheat, chickpea,
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watermelon, garlic, water, and urban area under study in 2022. In Figure 3, on the X axis, the date of SAR

image acquisition is taken, and on the Y axis value of the backscattering coefficient is placed.

— During the initial growth stages, backscatter values are low, however, they increase rapidly as crops
progress to the vegetative stage.

— During the reproductive stage, slight variations in crop biomass and structure cause minute variation in
backscatter.

— During harvesting, a significant decrease in backscatter was observed as the plant died, resulting in a
reduction of the plant's water content. The backscatter dropped from -15 dB (VH), -7.5dB (VV) to
-22 dB (VH), -11 dB (VV) for chickpea; -13dB (VH), -10 dB (VV) to -15 dB (VH), -13 dB (VV) for
wheat; and -15 dB (VH), -10dB (VV) to -18 dB (VH), -12 dB (VV) for watermelon.

— The water class had the lowest backscatter and VVV polarization showed higher backscatter variation as
crops grew compared to VH polarization, this agrees with previous research [41].

ﬁ___‘__.__,.———"'__—.\"______._—n—q—-‘
—
g %. el
= £ a0
—— chickpeas
— T ~#—T—* —— wheat
—=— watermelon
—s— garlic
January February March April 202: January February  March 2022 April 2022 —— Urban
2022 2022 2022 2022 2022 -— Water
(a) (b)

Figure 3. Temporal profiles of (a) vertical vertical (b) vertical horizontal

4.3. Classification results

The classification maps generated applying the proposed method for the investigation area are
displayed in Figure 4. Figure 4(a) shows classification maps generated using PB method and Figure 4(b)
shows classification maps generated using OO method. Table 1 lists the OAs and KC of the different
classification schemes using Sentinel-1 and Sentinel-2 data. The OA results varied from 61% to 85.5%
depending on the approach (PB or OO) and input features. The highest OA and KC of 85.5% and 0.774 was
obtained for OO-based classification approach with the fusion of Sentinel-1 and Sentinel-2 data. On the other
hand, only Sentinel-2 bands produced the lowest OA of 61% and KC of 0.37. Orynbaikyzy et al. [15]
observed that Sentinel-1 data showed more promising results than Sentinel-2. This result was consistent with
the conclusion of the proposed work. Verma et al. [12] used joint Sentinel-1 and Sentinel-2 data for CC,
which yielded an OA of 83.87 and a KC of 0.78. Research by Yang et al. [19], the highest accuracy of
83.35% was obtained for CC based on the joint use of Sentinel-1 and Sentinel-2 images. Chickpea had the
lowest UA and PA due to the smaller number of visited plots. Therefore, Chickpea was misclassified as other
crops. This misclassification may have resulted from the coinciding growth stages of these crops.

Chickpea
Hl Wheat
M othercrops
M urban
W water

Figure 4. Using fusion of optical and SAR images (a) PB classification (b) OO classification approach
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Table 1. OA and KP of each combination

. PB 00

Combination OA KC oA KC
VV+VH 0.8 0.69 0.83 0.76
Sentinel-2 bands 0.61 0.37 0.66 0.48
Sentinel-2 + NDVI 0.67 0.47 0.663 0.48
Sentinel-2 + GNDVI 0.679 0.47 0.664 0.481
Sentinel-2 + MNDVI 0.66 0.49 0.661 0.4879
Sentinel-2 + NDY| 0.6818 0.478 0.66 0.48

Sentinel-1 + Sentinel-2 0.8136 0.70 0.855 0.774

In the study, Figures 5(a) and 5(b) displays the UA and PA obtained for different categories using
PB and OO classification techniques. The results indicate that the OO classification approach had a higher
UA than the PB classification. The researchers concluded that the fusion of Sentinel-1 radar and Sentinel-2
optical data has resulted in an enhancement in accuracy of CC Similar outcomes were also achieved in the
studies [13], [14]. The OA obtained in this study was higher than [12], primarily due to the integration of
Sentinel-1 and Sentinel-2 using the OO classification approach. Object-based CC eliminates object spectral
variability by averaging many pixel values leading to an increase in accuracy. An important factor affecting
the classification accuracy of high-resolution images classified using SNIC technique is the size of the
superpixels. To increase the accuracy and efficiency of classification, the automatic optimal superpixel
segmentation size selection method still has to be created.

1.2 1.2
1 > 1
>
2038 Sos
g g
& 06 c06
@ 8
8 0.4 § 0.4
02 <02
0 0
Channa  othercrops  wheat urban water Channa  othercrops  wheat urban water
Classification classes Classification classes
EPB mOO EPB mOO
(@) (b)

Figure 5. PB and OO classification of (a) user accuracy and (b) producer accuracy

5. CONCLUSION

The reason behind the investigation was to examine the potential of combining multi-temporal
Sentinel-1 and optical Sentinel-2 images to map crops using the PB and OO classification approach with a
RF classifier. Different combinations of optical and microwave features were explored to identify the most
important radar and optical features for accurate crop mapping. The outcome demonstrated that the
integration of Sentinel-1 and Sentinel-2 using the OO classification approach provided the best results.
The RF model trained using the fusion of Sentinel-1 and Sentinel-2 data had a maximum OA of 85.53% and
a KC of 0.77, which was higher than the OA obtained using either Sentinel-1 or Sentinel-2 data alone. This
suggests that merging remote sensing data has excellent prospects for image segmentation and classification
algorithms. The proposed method used GEE, which made the generation of crop maps convenient, fast and
accurate. This approach is suitable for finely classifying crops in quite complex and heterogeneous regions.
In the future, automatic selection of an ideal superpixel for SNIC can be explored to further boost the
accuracy of the CC.
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