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Abstract 
Wheat is the basic staple food, largely grown, widely used and highly demanded. It is used in 

multiple food products which are served as fundamental constituent to human body. Various 

regional economies are partially or fully dependent upon wheat production. Estimation of 

wheat area is essential to predict its contribution in regional economy. This study presents a 

comparative analysis of optical and active imagery for estimation of area under wheat 

cultivation. Sentinel-1 data was downloaded in Ground Range Detection (GRD) format and 

applied the Random Forest Classification using Sentinel Application Platform (SNAP) tools. 

We obtained a Sentinel-2 image for the month of March and applied supervised classification 

in Erdas Imagine 14. The random forest classification results of Sentinel-1 show that the total 

area under investigation was 1089 km2 which was further subdivided in three classes including 

wheat (551km2), built-up (450 km2) and the water body (89 km2). Supervised classification 

results of Sentinel-2 data show that the area under wheat crop was 510 km2, however the built-

up and waterbody were 477 km2, 102 km2 respectively. The integrated map of Sentinel-1 and 

Sentinel-2 show that the area under wheat was 531 km2 and the other features including water 

body and the built-up area were 95 km2 and 463 km2 respectively. We applied a Kappa 

coefficient to Sentinel-2, Sentinel-1 and Integrated Maps and found an accuracy of 71%, 78% 

and 85% respectively. We found that remotely sensed algorithms of classifications are reliable 

for future predictions. 

Keywords: Sentinel-1, Sentinel-2, Yield-Area Index, Kappa Stat, Random Forest 
Classification. 
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Introduction 

The global agriculture will be dramatically influenced by various factors including the 
population growth, biofuel consumption, dairy and meat demands. These burdens are 
projected to face in future, because many researchers have reported yield stagnation in various 
cereal crops including rice, wheat and maize etc. The global food demand is expected to get 
doubled by 2050 [1,2,3]. The global crop production was enhanced by 28% during 1985 to 
2005 by an increase in 7% in crop land area [4]. The recent global crop production was short 
of the expected demands which left a question for us: which topography is suitable for which 
region that may offer mouthful production to fulfill the needs of increasing population. Yield 
stagnation for various cereal crops was reported by many researchers around the world 
[5,6,7,8,9,10]. This stagnation was particular for three major crops including rice, wheat and 
maize which together contribute about 57% of global calories available for humans [2]. 

The world’s population is projected to cross the figure of 9.3 billion by 2050. Pakistan 
is among the countries having high population growth which is expected to be 300 million by 
2050. Basic needs of life like food, shelter, cloth and other necessities of life are required to 
cater the basic needs of this population.  

Agriculture sector has employed about 43% of rural population and contributes 21% 
in Gross Domestics Product (GDP) of Pakistan. The contribution of major crops like wheat, 
maize, rice, sugarcane and cotton in value addition is 25.6%. The life cycle of wheat crop is 
dependent upon the environmental conditions in which the wheat is grown. Wheat crop 
growth stages are important to determine the electromagnetic responses of crop growth 
elements. Sensor configuration like frequency, polarization and incidence angle need high 
expertise for evaluation of various plant level characteristics like plant biomass, soil moisture, 
crop canopy structure, leaf size and stem elongation [11, 12,13]. The leaves of wheat crop are 
oriented vertically therefore, the backscatter decreases with increase in incident angle. 

 Appraisal of crop monitoring in various growth stages and the yield estimation are 
important to determine for sustainable development. High resolution satellite imagery seems 
to be an attractive approach to investigate spatio-temporal responses of crop growth [13]. The 
growth parameters are useful for monitoring of crop development in each stage that determine 
the possible crop production.  

Ground based radars emerged in 1970, that obtained high attraction and publicity due 
to their efficient use in various agricultural applications [14,15]. These ground-based 
instruments were mounted on satellites to monitor topographic events from space. Synthetic 
Aperture Radar (SAR) is an active sensor which transmit and receive signals in microwave 
frequency. Many researchers have used SAR data to monitor various crops like wheat [16,17] 
rice [18,19,20] Sunflower [21], Soybean [22] and Corn [23]. SAR data is preferred in agricultural 
applications because it is not affected by atmospheric conditions therefore, we get consistent 
temporal responses of high resolution.  

Sentinel-2 is a project of Copernicus program that offer the ground observations in 
optical ranges. The level-1 product of Sentinel-2 is highly cost effective and geometrically 
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correct. The collaborative study of Sentinel-1 and Sentinel-2 datasets provide highly accurate 
classification results.  

This study presents a comparison of Sentinel-1 and Sentinel-2 datasets to compute the 
winter wheat area. It also aims at collaboration of both active and passive sensors to construct 
a highly accurate map of wheat plantation in the investigation site by integrated impact of 
Sentinel-1 and Sentinel-2 datasets. A well-known Kappa coefficient is also used for accuracy 
assessment of supervised classification. 

Material and Methods.  

Study site.  

This research was conducted in Narowal district of Punjab, Pakistan. Narowal is famous for 
production of export quality rice due to rice friendly eco-physical conditions. Wheat is 
considered as cash crop which give mouthful profit to locals. The study site is in range of 
moonson therefore, surplus of rainfall hit this area every year which is a good sign for proper 
growth and development of rice crop. The spatial extent of study site is mapped in Figure 1 
as below,  

 

Figure 1. Study site. 
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Methodology.  

The spectral responses of a particular crop are of great importance to analyze 
biochemical and photo-chemical reactions occurring in plant's body. Many sensors mounted 
on satellites record the plant’s behavior in visible, infrared and microwave ranges of 
electromagnetic spectrum. Various researchers have used the satellite recorded responses in 
many plant related applications [24,25] e.g., Yield-Area index, growth and development index 
and the photosynthesis in plant’s body. MODIS datasets with a temporal window of 8 days 
were used by Gumma et al., 2014 [24] for mapping cropping patterns of rice crop in 
Bangladesh. MODIS Normalized Difference Vegetation Index (NDVI) dataset were used by 
Asilo et al., 2014 [25] for mapping of various crops in Ecija province.  

We acquired an optical satellite image of Sentinel-2 for the month of March from 
earthexplorer website (earthexplorer.usgs.gov) to extract the wheat area within study site. We 
selected this month because the wheat crop has full-fledged growth during the same time in 
the study site. The climatic events e.g., clouds, winds and others are recorded by the satellites 
working in optical range which cause to disturb the accuracy and visibility of optical imagery. 
Active remote sensing is the best solution to get rid of climatic events, which enhances the 
accuracy and improve the classification results. 
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Figure 2. Flow of study. 

Active remote sensing is based on microwave signals, where a transmitter mounted on 
satellite throw a signal toward ground and the ground bounce back it toward the sensor. 
Sentinel-1 is the project of European Space Agency (ESA) which was launched in space on 03 
April 2014 having a spatial resolution of 20m. Sentinel-1 was designed to transmit and receive 
microwave signals in both vertical and horizontal polarizations. We acquired a Sentinel-1 
image from ESA website to map wheat cropping pattern. 

We collected the wheat crop field data and the farmer’s reviews using Differential 
Global Positioning System (DGPS). The non-wheat areas such as buildup, trees, bushes and 
Jowar were demarcated to select wheat crop only.    

Sentinel-1 data was downloaded in Ground Range Detection (GRD) format and applied the 
Sentinel Application Platform (SNAP) tools for data processing. The GRD data was projected 
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by applying an orbit file to perform radiometric and geometric correction. Actually, the orbit 
file has the information about the velocity and position of the satellite which is corrected 
online. The geometric corrections present accurate information about the mode, time and 
sensor of acquisition of a particular SAR image.  

Spackles are salty structure in SAR images which are the result of interference of 
microwave signals that must be removed. LEE filter is commonly used to remove spackles 
from a SAR images [18]. High temperature causes the microscopic movement of electrons 
which produce thermal mosaic in SAR images that must be removed to get refined results. 
The tool “Thermal Noise Removal” in SNAP was applied to obtain noise free images.  

A tilt in backscatter created by actual topographic variations in SAR images was 
removed by terrain correction tool embedded in SNAP. Sentinel-1 data is comprised of 
20*20m2 boxed which were converted to 10*10m2 box. It is called resampling which give 
efficient and improved results. The only drawback of resampling is the more processing time. 
The swath width of Sentinel-1 image is 400 *400km2 that need more processing time and it is 
essential to figure out the exact area of interest from the SAR images therefore, we executed 
sub setting by applying a mask to Sentinel-1 image to extract the investigation site only from 
a large dataset. 

Sentinel-1 data is comprised of two polarization (Vertical-Vertical) and (Vertical 
Horizontal). These polarizations are good to discriminate the wheat crop in comparison to 
other crops. We selected some areas as seeds for Random Forest Classification (RFC) to 
highlight and to differentiate between the existing land use in the study site. 

  We obtained a Sentinel-2 image for the month of March for further processing. The 
Sentinel-2 image consists of 12 bands but we selected bands in visible and infrared wavelengths 
and stacked them using layer stacking utility in Erdas Imagine 14. The stacked image was 
geometrically analyzed by pointing out major landmarks but could not found any considerable 
variations. We selected 53 trainee samples and applied the supervised classification in Erdas 
imagine.  The area under investigation was extracted using subset utility in Erdas imagine14. 

Result and discussions 

Sentinel-1 data consist of spackles which were removed using spackle filtering in SNAP. The 
spackle free image appeared comparatively bright and more appropriate to distinguish landuse 
features as shown in Figure 3.  
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Figure 3. Spackle free image is appearing comparatively bright. 

The Sentinel-1 image was made noise free by removing noise in thermal range and the noise 
free product is mapped in Figure 4 as below. 

 
Figure 4. Thermal noise removal.  

The resampling results are shown in Figure 5 where the pixel size was resampled to 10*10m2. 
The area under investigation was made subset by applying a mask using tools in SNAP and 
mapped the results in Figure 5. 
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Figure 5. Subset of study site in SNAP.  

We selected trainee vectors to differentiate between various landuse features including 
vegetation, built-up area and the water body and mapped the results in Figure 6.  
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Figure 6. (a) Random forest classification by Sentinel-1 data (b) Supervised classification by 
Sentinel-2 data and (c) Integrated map of Sentinel-1 and Sentinel-2 data.   
The supervised classification algorithm was applied to Sentinel-2 image in Erdas imagine 14 
and mapped the results in Figure 6(b).  
The random forest classification results of Sentinel-1 show that the total area under 
investigation was 1089km2 which was further subdivided into three classes including wheat 
(551km2), built-up (450 km2) and the water body (89 km2).  
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Supervised classification results of Figure 6(b) show that the area under wheat crop was 510 
km2, however the built-up and waterbody were 477 km2, 102 km2 respectively. To determine 
the accuracy of classification results, we applied Kappa stats to both classifications (RFC, 
Supervised).    

We considered 25 sample points for built-up, water body and wheat crop to cross 
validate these points with their actual locations. The calculations of Sentinel-1 and Sentinel-2 
data are as below,  
Kappa Coefficient Sentinel-2 image.  
TS= Total number of Sample 
TSC= Total number of corrected Sample 

Kappa coefficients(𝒦) =
(𝒯𝒮 ∗ 𝒯𝒞𝒮) − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)

(𝒯𝒮)2 − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)
∗ 100 

𝒦 =
[(25 ∗ 21) − {(15 ∗ 15) + (5 ∗ 5) + (5 ∗ 5)}]

(25)2 − {(15 ∗ 15) + (5 ∗ 5) + (5 ∗ 5)}
∗ 100 

𝒦 =
[(525) − {(225) + (25) + (25)}]

(625) − {(225) + (25) + (25)}
∗ 100 

𝒦 =
525 − 275

625 − 275
∗ 100 

𝒦 =
250

350
∗ 100 

𝒦 = 0.714 ∗ 100 = 71.42% 
Table 1 is showing that 21 samples out ot 25 could be cross matched properly and 2 samples 
of wheat are and 1,1 by buildup and water were found mismatched. 
Table 1: Field survey data information about 2018 

Class Wheat-
Area 

Build-up 
Area 

Water Total-User 

Wheat-Area 13 1 1 15  
Build-up Area 1 4  5 
Water 1  4 5 
Total-Producer 15 5 5 25 

Kappa Coefficient Sentinel-1 image.   
TS= Total number of Sample 
TSC= Total number of corrected Sample 

Kappa coefficients(𝒦) =
(𝒯𝒮 ∗ 𝒯𝒞𝒮) − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)

(𝒯𝒮)2 − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)
∗ 100 

𝒦 =
[(25 ∗ 22) − {(15 ∗ 15) + (5 ∗ 5) + (5 ∗ 5)}]

(25)2 − {(15 ∗ 15) + (5 ∗ 5) + (5 ∗ 5)}
∗ 100 

𝒦 =
[(550) − {(225) + (25) + (25)}]

(625) − {(225) + (25) + (25)}
∗ 100 

𝒦 =
550 − 275

625 − 275
∗ 100 

𝒦 =
275

350
∗ 100 



                           International Journal of Agriculture and Sustainable Development. 

June 2019 | Vol 1|Issue 3                                                                           Page | 91  

 

𝒦 = 0.785 ∗ 100 = 78.57% 
Table 2 determine that 23 sample points out of total 25 samples could be cross matched but 
there was error while matching 1,1 sample for water and wheat respectively. 
Table 2: Field survey data information about 2018 

Class Wheat-Area Build-up Area Water Total-User 

Wheat-Area 14  1 15  
Build-up Area 1 4  5 
Water  1 4 5 
Total-Producer 15 5 5 25 

The results show that the accuracy of supervised classification of Sentinel-2 data was 71% 
while Sentinel-1 data presented comparatively good results with an accuracy of 78%.  
To enhance the accuracy of supervised classification, we averaged both classifications and 
mapped the results in Figure 6(c) which show that the area under wheat was 531 km2 and the 
other features including water body and the built-up area were 95 km2 and 463 km2 
respectively.  
Kappa Coefficient on integrated map  
TS= Total number of Sample 
TSC= Total number of corrected Sample 

Kappa coefficients(𝒦) =
(𝒯𝒮 ∗ 𝒯𝒞𝒮) − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)

(𝒯𝒮)2 − ∑(𝑐𝑜𝑙. 𝑡𝑜𝑡𝑎𝑙 ∗ 𝑅𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)
∗ 100 

𝒦 =
[(25 ∗ 23) − {(15 ∗ 16) + (5 ∗ 5) + (5 ∗ 4)}]

(25)2 − {(15 ∗ 16) + (5 ∗ 5) + (5 ∗ 4)}
∗ 100 

𝒦 =
[(575) − {(240) + (25) + (20)}]

(625) − {(240) + (25) + (20)}
∗ 100 

𝒦 =
575 − 285

625 − 285
∗ 100 

𝒦 =
290

340
∗ 100 

𝒦 = 0.85 ∗ 100 = 85% 
Table 3 is showing that 23 samples out of 25 were matched. 
Table 3: Field survey data information about 2018 

Class Wheat-Area Build-up Area Water Total-User 

Wheat-Area 15   15  
Build-up Area 1 4  5 
Water  1 4 5 
Total-Producer 16 5 4 25 

 
The kappa statistics of this integrated map was computed and the results showed the accuracy 
as 85% which was very near to ground reality.  
Conclusions. 

This study describes a comparative analysis of Sentinel-1 and Sentinel-2 datasets which 
presented a real picture of area under wheat cultivation. It was observed that Sentinel-1 data 
was better than Sentinel-2 data for estimation of crop area, however the integrated map of 
Sentinel-1 and Sentinel-2 data give more accurate classification results.  
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