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Abstract

:

Due to the declining land resources over the past few decades, the intensification of land uses has played a significant role in balancing the ever-increasing demand for food in developing nations such as India. To optimize agricultural land uses, one of the crucial indicators is cropping intensity, which measures the number of times a single parcel of land is farmed. Therefore, it is imperative to create a timely and accurate cropping intensity map so that landowners and agricultural planners can use it to determine the best course of action for the present and for the future. In the present study, we have developed an algorithm on Google Earth Engine (GEE) to depict cropping patterns and further fused it with a GIS environment to depict cropping intensity in the arid western plain zone of Rajasthan, India. A high-resolution multi-temporal harmonized product of the Sentinel-2 dataset was incorporated for depicting the growth cycle of crops for the year 2020–2021 using the greenest pixel composites. Kharif and Rabi accounted for 73.44% and 26.56% of the total cultivated area, respectively. Only 7.42% was under the double-cropped area to the total cultivated area. The overall accuracy of the classified image was 90%. For the Kharif crop, the accuracy was 95%, while for Rabi and the double-cropped region, the accuracy was 88%, with a kappa coefficient of 0.784. The present study was able to depict the seasonal plantation system in arid arable land with higher accuracy. The proposed work can be used to monitor cropping patterns and cost-effectively show cropping intensities.
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1. Introduction


Agricultural activity is closely related to a number of physical and anthropogenic factors [1,2,3,4,5]. To maintain the balance between available land for cultivation and increasing demand for food in the recent era, both physical and anthropogenic factors are symbiotic and crucial [6,7,8]. In developing countries like India, agricultural lands are either fragmented into smaller parcels or limited for agricultural land expansion [9,10]. Hence, increasing cropping cycles in similar land parcels is the most effective way to increase crop production and ensure food security. Cropping intensity is one of the important aspects that define the level of intensification in agriculture [11,12,13]. Thus timely and accurate depiction of cropping patterns and cropping intensity can play a significant role in handling management practices not only for the present but also for the future. Multi-temporal satellite data is the feasible source of timely, cost-effective, and relatively accurate information in spatial extent regarding the present cropping systems. Using multi-temporal and multi-sensor remote sensing data, many researchers have demonstrated that it is possible to map cropping patterns, crop rotation, and other agricultural practices [14,15,16,17]. A remote sensing and geographic information system approach was adopted to depict cropping pattern mapping in Tumkur Taluk using the NDVI Technique [18]. The study showed how to employ remote sensing and GIS to map crop patterns and suitability. Cropping information is derived from Landsat 8 data using NDVI and supervised classification. The analysis considered the drainage, slope, and current crop activity maps as important aspects. The study concluded that ragi, coconut plantation, and paddy fields had a definite relation with water resource potential and crop suitability maps that helps farmers in achieving a high spatial yield. Few studies focused on integrating remote sensing and GIS to analyze the impact of cropping patterns on the environment [19]. The information used in this study was from both field observations and observations made via remote sensing. According to the findings, during the summer months, the region exhibited a uniform cropping pattern; most of the district was left fallow; the three most important crops were fodder, dhaicha, and sunflowers. During the winter months, the areas that exhibited a dissimilar crop pattern underwent a dramatic shift. A phenology-based technique was developed in studies to identify double-cropping fields by analyzing time-series Moderate Resolution Imaging Spectroradiometer (MODIS) images from 2000 to 2020 with the Google Earth Engine [20]. The findings revealed that throughout the course of the past 20 years, the northern limit of double crop (NLDC) has usually trended both eastward and southward. The study provided a scientific foundation for the continued expansion and strategic planning for agricultural production in China. Scholars also used Sentinel-1 data with Google Earth Engine to classify croplands [21]. Using the random forest technique, 76.88% accuracy was obtained with a kappa score of 0.728. The study concluded that the Sentinel-1 images are accurate enough for cropland classification and identifying paddy field cropping patterns. Rice area, cropping patterns, and growth stages in Southeast Asia were attempted using Sentinel-1 Time Series on a Google Earth Engine platform [22]. Overall, the rice extent was measured, and a kappa coefficient of 0.92 was achieved. The study concluded that Support Vector Machine (SVM) and Artificial Neural Networks (ANN) outperform the random forest. The authors also suggested that simple and robust technology might be used to replace time-consuming, expensive field surveys across Southeast Asia. A method was developed to use Google Earth Engine and the random forest classifier to create a map of irrigated land [23]. During 2018/19 and 2019/20 winter growing seasons, the Normalized Difference Vegetation Index (NDVI) was subsequently employed to distinguish between irrigated and rain-fed lands. The study incorporated ground-based training samples and Very High-Resolution Images (VHRI). The overall accuracy of classification was 88%. Using deep learning and the Google Earth Engine, a few studies focused on the Sentinel SAR-optical fusion for crop-type mapping [24]. The results demonstrated that integrating multi-temporal SAR and optical data gives overall greater training accuracy for crop-type mapping than either multi-temporal SAR or optical data alone. Application of the Google Earth Engine using Sentinel imagery and neural networks was attempted for crop mapping in Canada [25]. In this study, the Google Earth Engine cloud computing platform was employed for the first time in conjunction with an Artificial Neural Networks (ANN) algorithm using Sentinel-1 and Sentinel-2 images to generate an object-based annual space-based crop inventory map for 2018. The study revealed that further research should be conducted on the proposed cloud computing technology since it is more efficient in terms of cost, time, calculation, and automation. Google Earth Engine cloud computing was also adopted to automate the mapping of Africa’s croplands using satellite imagery [26]. The researchers used a 16-day time series of MODIS NDVI data at a resolution of 250 meters over the whole African continent. The study concluded that MODIS 250-m time-series data could rapidly map cropped areas; however, there are currently inadequate reference data to report trends from these results in a systematic manner. For understanding the temporal dynamics of spatial heterogeneity over agriculture using time-series NDVI, near-infrared and red reflectance of Landsat 8 OLI images were used [27]. The results showed that before planting, the NIR and red variables detect a similar degree of spatial heterogeneity in the cropland, with comparable values of the variability in mean length. The study concluded that the NDVI and NIR values capture a similar spatial heterogeneity, which is modest in comparison to the red band due to the homogeneity of soil and the mean length variability of NDVI, NIR, and red variables tend to be the same as the image pixel size increases. An artificial neural network was developed for the purpose of crop classification by utilizing datasets from the C-band RISAT-1 satellite [28]. The classification results were validated on the ground. The overall accuracy for satellite data acquired in the month of August and September was 74.21 and 77.36 percent, respectively. A scalable parcel-based crop identification technique employing Sentinel-2 data time-series for monitoring the common agricultural policy was developed in segments of Spain [29]. The application of the technique to a Lansat-8 OLI-based equivalent variable space yielded a Cohen’s kappa coefficient of 0.70 for the SVM classification, demonstrating the improved performance of Sentinel-2 for this type of application. The application of Google Earth Engine is not restricted to crop phenology but is used in other dimensions of our environment. Measuring the effect of climate change on rangelands and broad-leaved forests in the Aosta Valley of northwest Italy was attempted for the first time using phonological metrics. The study incorporated the time series MODIS dataset with the CHIRPS collection in the Google Earth Engine platform. The study depicted that between 2000 and 2019, there was an indication of advancement at the start of seasons and a delay at the end of season in terms of vegetation growth. The study also concluded that phonological metrics, evapotranspiration from the vegetation, anomaly in the air temperature, and melting of snow cover experienced considerable changes over time [30]. The application of satellite-based remote sensing for the detection of Urban Heat Islands (UHI) was adopted in the metropolitan city of Turing in a segment of Italy. Landsat 8 data set was used for the time span of 2013 to 2018. In the study, Land Surface Temperature (LST) was measured using Radiative Transfer Equation (RTE), and Land Surface Emissivity was estimated through the NDVI threshold technique. The study concluded that over time, UHIs were more prominent in areas where vegetation cover and availability of water were lower and were higher wherever asphalts and concrete buildings were more prominent [31]. Application of NDVI entropy for modeling of Canine Distemper Virus (CDV) in Wildlife in Northwestern Italy was among few studies where Google Earth Engine was used. In the study, it was found that remote sensing data and its application in Google Earth Engine is valuable in monitoring CDV. The significant relationship between altitude and CDV, along with changes in the NDVI entropy over the time period, was also reported in the study [32]. An innovative approach was adopted for the appraisal of land management practices in a segment of Africa. A geospatial-driven model was proposed to depict a subsistence-based agricultural system as well as business-oriented agricultural system. Sentinel-2 satellite images were used for the classification of land cover. Further, for the depiction of a production system, entropy threshold value-based binary classification was attempted. The study showed that the proposed model was effective and robust in portraying the prevailing land distribution under a varied production system [33].



In the present work, an attempt has been made to depict cropping patterns and cropping intensity in the segment of an arid western plain zone of Rajasthan, India. Google Earth Engine (GEE) was taken as a cloud computing platform for crucial data analysis. Further, it was fused with the GIS platform and supported by ground verification and accuracy assessment.




2. Materials and Methods


2.1. Study Area


The present study area encompasses the entire Churu district in the Indian state of Rajasthan. It covers a total area of 13,835 km2 and stretches from 27°24′ North to 29°00′ North in latitude and from 73°40′ East to 75°41′ East in longitude [34]. Except for the northeast, the study area is surrounded by different districts of Rajasthan. In the west and north, it shares a district boundary with Bikaner and Hanumangarh, while in the southeast, south, and southwest, it is bordered by the Jhunjhunu, Sikar, and Nagaur districts, respectively (Figure 1). In the northeast, it shares the state boundary with Haryana [34]. In terms of its topography, this region may be divided into three distinct sections: the Taal area in the south, the Plains of Matiyars in the north, and the Desert area in the central portion [34]. Agro-climatically the region is categorized as an arid western plain zone of Rajasthan, India [35]. The climate of the arid western plain is characterized by a large seasonal temperature swing, with temperatures reaching as high as 49 degrees Celsius in the summer and as low as −1 degrees Celsius in the winter and typical annual rainfall reaching as low as 350 millimeters [34].



The overall methodology of the present study is illustrated in Figure 2.




2.2. Algorithm Execution


The generalized algorithm (Supplementary File S1) of coding performed on Google Earth Engine was executed in the following manner (Figure 3).




2.3. Dataset and Pre-Processing


Initially, the shape file of the study area was prepared in the Arc GIS environment from the state map of Rajasthan, Survey of India [36], with the WGS 84 UTM 43N zone projection system and imported into the Google Earth Engine code editor. For the present study, Harmonized Sentinel-2 MSI: Multispectral Instrument, Level-2A collection was used. Sentinel-2 is an imaging mission that supports the Copernicus Land Monitoring studies. These studies include monitoring vegetation, soil, and water cover, as well as the observation of inland waterways and coastal areas. Sentinel-2 has a wide field of view, high resolution, and multiple spectral bands [37]. For the Kharif season, satellite images from April 2020 to September 2020 were considered, while images from October 2020 to March 2021 were selected for the Rabi season. For every 15 days, images were filtered considering less than 10% of cloud cover. The QA band was used to remove cloud cover from the incorporated data [37].




2.4. Vegetation Index Computation


Normalized Difference Vegetation Index or NDVI is one of the important indices, commonly used for the green vegetation. It is a relation between the near-infrared (NIR) band and the red (RED) band. It can be expressed through the following expression (1):


  NDVI =    ρ  NIR   −  ρ  RED      ρ  NIR   +  ρ  RED      



(1)




where NDVI represents the Normalized Difference Vegetation Index,    ρ  NIR     represents NIR band and    ρ  RED     represents the RED band.



The presence of chlorophyll on the leaf and its relation to NDVI is directly related to each other. Hence different phases of the crop’s growth cycle, such as the sowing period, growing period, and harvesting period, can be traced from the close observation of the NDVI reflectance signatures [38,39]. Band information of Sentinel-2 images is given in Table 1. In the present study, Band 8 (Visible and Near Infrared (VNIR)) and Band 4 (RED) were taken into consideration for the generation of NDVI.




2.5. Data Processing


From each of the 15-day filtered data sets, the greenest pixel composite was prepared and incorporated into the individual data sets. All the greenest pixel layers were stacked together and scaled so that the image size and processing time might be reduced. For each of the greenest pixel composites, overall local maxima in the NDVI were identified. In each greenest pixel composite layer, if NDVI is higher than before or after that time, it is considered the peak value. In the present study, during the Kharif time series data set, the peak NDVI was higher than 0.52, while the minimum value was between 0.18 and 0.34. Hence, if the peak NDVI was identified as more than 0.52, it was reaching its maximum growth in the Kharif season. In the similar way, for the Rabi season, the peak NDVI was identified as more than 0.68, and the minimum value was between 0.26 and 0.41. Hence in the Rabi season, the peak NDVI heading toward 0.68 indicated the highest growth stage of crops.



The presence of clouds and atmosphere are major noise sources in the NDVI data sets. For the smoothening of the temporal greenest pixel NDVI curve, the Savitzky–Golay filter (S-G filter) was applied. The filter adopts the local polynomial least square fitting method to smoothen the temporal curve [40]. The S-G filter for the smoothening of multi-temporal NDVI was performed in the Origin software (Figure 4, Figure 5 and Figure 6).



The Savitzky–Golay process can be represented as follows:


   β j *  =     ∑   i = − n    n   γ i   β  j + i    W   



(2)




where    β j *    is the reconstructed dataset,    γ i    is the coefficient of the filter,    β  j + i     is the original value, n is the window width, W is the number of data in the moving window (2n + 1). Once the maximum NDVI greenest pixel dataset was identified, cropped areas were depicted, and signatures were generated for the cropped and non-cropped areas, followed by image classification using the random forest technique. After the first iteration of classification, the entire area was thoroughly assessed for misclassification through visual interpretation and validated using Google Earth images. The misclassified pixels were further classified correctly, and the final iteration was processed. The generated classified map also calculated the total cropped area for Kharif and Rabi seasons. The generated classified image was downloaded from the Google Earth Engine code editor. For Kharif and Rabi seasons, a similar process was adopted.




2.6. Cropping Intensity Computation


All the GIS-related operations were done in ArcGIS 10 software. For the Kharif season, a unique field was included in the attribute table with a value of 2 for all the cropped area (polygons) and 0 for the non-cropped area (polygons). In the similar way, for the Rabi season, a unique field was included in the attribute table, and all the cropped areas were assigned a value of 3 and the non-cropped areas as 0. The generated vector layers were in union with each other so that a single vector file could be generated. In the generated vector layer, another column was added, and all the unique values of the Kharif and Rabi seasons were summed together. In this column, all the polygons with value 0 signifed the non-cropped area, 2 depicts the Kharif season crops, 3 shows the Rabi season crop, and 5 depicts double season crops. A separate double-cropped area vector layer was prepared for future use. A 10 km × 10 km fishnet was generated over the final vector layer, and (considered as net sown area) tabulate intersection analysis was processed on the data set to compute the cropped area under each of the fishnet blocks. A similar process was applied to the double-cropped area vector layer. For the computation of the gross cropped area of each of the fishnet blocks, the net sown area of the respective block was added with the area under the double crop of the same fishnet block.



For the calculation of cropping intensity, the following formula was used


  Cropping   Intensity   ( CI ) =    Gross   Cropped   Area     (  GCA  )     Net   Sown   Area     (  NSA  )    × 100  



(3)







For the spatial representation of the cropping intensity, centroids and their corresponding x and y coordinates were generated in each of the fishnet blocks along with respective cropping intensity values. Using Inverse Distance Weighted (IDW) method, a cropping intensity map was generated using five equal class intervals. For the validation of the results and accuracy of the classification, the net sown area was collected from all of the tehsil land record branches of the study area for the year 2020–2021.





3. Results


3.1. Spatial Distribution of Cropping Pattern


In the present study, an algorithm was prepared on Google Earth Engine for the identification of cropping patterns at the spatial resolution of 10 m for the year 2020–2021. From the analysis of satellite images, the calculated area of Kharif, Rabi, and double crops were 8777.6 km2, 3174.2 km2, and 886.6 km2, respectively.



The area calculated accounted for 73.44% and 26.56% of the Kharif and Rabi crops, respectively. Only 7.42% of the total cropped was depicted under the double-cropped area. Geographically, the Kharif crop was most commonly seen in the northeastern, eastern, and entire southern periphery of the study area. On the other hand, the availability of the Kharif crop was relatively lower in the northwestern and southwestern segments (Figure 7). In the case of the Rabi crop, the concentration was significantly lower than it was for the Kharif crop. It was primarily observed in the northwestern and central portions of the region, with a small patch in the northeastern and a few segments in the southwestern part of the region (Figure 8). The double cropping region of the study area was most concentrated in a few pockets in the northeastern segments, a continuous patch in the northeastern portion, and the southwestern periphery of the study area (Figure 9).



Two different kinds of ground-based references were collected to validate the cropland extent and the cropping intensity. Information concerning the cropping pattern at the village level and the total area planted with crops was gathered from every tehsil land record office in the study region. The area under Kharif, Rabi, and double crop were compared with the computed values and represented in Figure 10.




3.2. Spatial Distribution of Cropping Intensity


The spatial distribution of cropping intensity depicted a number of important facts. As shown in Figure 11, the cropping intensity ranged from more than 160% down to less than 115% at its lowest point. The majority of the northwestern, northeastern, and a sizeable portion of the southwestern segments of the study area had a higher percentage of cropping intensity. On the other hand, the majority of the southeastern and north-central portions of the study area were classified as having a low cropping intensity. In order to gain an understanding of the reason behind the depicted cropping intensity and its relation to the cropping pattern, a field visit that was accompanied by a structured questionnaire was carried out. Major crops such as pearl millet, chawala, guar seed, moth, mung bean, sesamum, and groundnut were cultivated during the Kharif season, whereas gram, methi (fenugreek), mustard, and wheat were cultivated during the Rabi season. In the region known for its double cultivation, the majority of the time, either pearl millet (Kharif) was followed by gram (Rabi) or guar seed (Kharif) was followed by mustard. It was found that the cropping pattern and cropping intensity achieved were the outcomes of a collaborative effort on the part of natural and anthropogenic factors. Natural factors such as improved irrigation facilities and favorable soil conditions were considered two of the most important factors. Anthropogenic factors such as market price and demand played a significant role in the decision-making process.





4. Discussion


4.1. Accuracy Assessment


In order to evaluate the accuracy of the findings from satellite imagery, a total of 78 samples were selected from the entire study area based on the stratified random sampling technique: 25 for the double crop, 35 for the Kharif crop, and 18 for the Rabi crop (Figure 12). A confusion matrix was built in the Python programming language for the purpose of performing an accuracy evaluation. The confusion matrix (Table 2) demonstrated that the suggested model accurately recognized 19 points for the double crop. However, 1 sample point was incorrectly categorized as Kharif crop, and 5 samples were incorrectly categorized as Rabi crop. In the same manner, out of a total of 35 Kharif sample points, 32 were correctly classified, while one sample was incorrectly labeled as a double crop, and two samples were incorrectly classed as a Rabi crop. In the case of the Rabi crop, only two of the samples were incorrectly identified as the double crop, while the remaining 16 samples were correctly classified. Once the operation was done, physical verification of the locations was conducted along with GPS location marking and field photographs (Figure 13, Figure 14 and Figure 15).



The following indices were taken into consideration for the validation.


  Accuracy   ( A ) =    (  TP + TN  )     (  TP + FP + TN + FN  )     



(4)






  Precision   ( Pc ) =   TP   TP + FP    



(5)






  Recall   ( Rc ) =   TP   TP + FN    



(6)






  F 1   Score =    P c  −  R c     P c  +  R c     



(7)






  Kappa   Coefficient   (  κ c  ) =   N   ∑   i = 1  n   q  i i −     ∑   i = 1  n   (   q  i +     X    q  + i    )     N 2  −   ∑   i = 1  n   (   q  i +     X    q  + i    )     



(8)






  User   Accuracy   ( % )   ( Ua ) =    q  i i      q  i +     × 100  



(9)






  Producers   Accuracy   ( % )   ( Pa ) =    q  i i      q  + i     × 100  



(10)






  Overall   Accuracy   ( Oa )   ( % ) =     ∑   i = 1  n   q  i i    V  × 100  



(11)




where TP—True Positive, TN—True Negative, FP—False Positive, FN—False Negative, n is the total number of columns of the confusion matrix; qii is the number of correct classifications of the upper crop-type sample in the i row and i column of the confusion matrix, qi+ and q+i are the total number of crop-type samples in row i and column i, and V is the total number of samples used for verification.



The overall accuracy of all the different crops was 0.90, equivalent to 90%. The Kharif crop showed the highest observed level of precision. In order to illustrate the positive predicted value, precision was determined, and the result was that the overall precision was 0.84, which is equivalent to 84% (Table 3). The precision was found to be highest in the Kharif crop, while it was found to be lowest in the Rabi crop. When attempting to portray sensitivity or the rate of true positives, the recall measure of the confusion matrix is beneficial.



The overall recall value was 0.85, equivalent to 85%, with the Kharif crop having the highest recall and the double crop having the lowest. The F1 score was taken into consideration to consider both the precision and recall metrics together. The overall recall value was 0.84, equivalent to 84%, and the Kharif crop had the greatest F1 score. The kappa coefficient (κc) of the confusion matrix was 0.784, which can be considered significant.




4.2. Potential Applications of Crop Intensity Map


The entire agricultural system has been subjected to a sizeable amount of change over the past few decades due to changes in socioeconomic conditions, human interference, and climate change. Because of the ever-increasing population, it is becoming extremely difficult for policymakers to meet the growing demand while simultaneously conserving the available land resources. Therefore, optimizing the use of land to its fullest potential is an extremely important component for nations like India in general and the current research area in particular. The availability of a map showing the previous cropping intensity is a fundamental requirement for the planning of an appropriate cropping system. This map can play a key role in maximizing agricultural land utilization in both the present and the future. The traditional census approach of measuring cropping intensity is associated with a restricted spatial extent and a higher cost [41]. Aside from that, the timely availability of the cropping intensity in relation to the spatial extent is a matter of great concern. In the current investigation, we combined geospatial technology and more conventional field surveys to generate the cropping intensity map in a shorter time while maintaining its reliability at a reduced cost.




4.3. Uncertainty


In the current investigation, there are few areas where there is room for uncertainty. As the study area has a considerable spatial extent and is associated with a larger dataset, there is a greater likelihood of overgeneralization. The incorrect classification of pixel values is an important aspect of this problem. If the NDVI value does not reflect a higher value during the peak greenish period of the crop cycle because of spectral or radiometric errors, then there is a greater chance that those pixels will be omitted. The mixed-pixel classification represents another significant component of the geospatial characterization of cropping patterns and intensity. The current study was associated with a very small amount of the natural vegetation, and this vegetation was excluded from the entire process to obtain the final result. However, regions that are associated with a greater proportion of natural vegetation may be subject to challenges regarding the identification and removal of natural vegetation. The resolution of the image that is being used is an important factor to take into consideration. Numerous studies concluded that a resolution of fewer than 30 m on satellite images is insufficient for crop area mapping [15,42,43,44]; consequently, high-resolution images of 10 meters were incorporated into the present investigation. During the field verification, it was found that the field area is also an important component of the overall process, and that it should be selected with great care to achieve the best results. Because the spatial resolution of the satellite images was 10 m, agricultural fields with an area greater than 100 m2 were considered in the present work only.





5. Conclusions


The present-day application of remote sensing in the field of crop phenology demands high-resolution spatio-temporal data. Most of the time, processing such massive amounts of data with a high resolution using conventional geospatial platforms or software is both expensive and time-consuming, as it requires a larger storage capacity and more processing power. The Google Earth Engine (GEE) offers a free cloud computing platform capable of managing and processing significant amounts of satellite image data sets in a relatively shorter time with higher precision. The present study incorporated high-resolution spatio-temporal Sentinel-2 data sets in the Google Earth Engine platform to develop cropping patterns and cropping intensity in association with GIS for 2020–2021 in the segment of Rajasthan. The use of multi-temporal datasets over single satellite images enables advantages like lesser coding, the opportunity of adding more data in the operation, and less time for execution of the entire operation. The method is relatively easy to implement, dependable, and efficient in terms of cost. According to our understanding, applying geospatial techniques in the study area to extract cropping patterns and cropping intensity using the Google Earth Engine is being done for the first time. An overall precision of 84% was achieved by the model that was proposed, with a kappa coefficient of 0.784. Both landowners and agricultural planners will find the current model useful for both the planning of agricultural land use in the present as well as for the future.
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Figure 1. Location of the study area (Datum: WGS84). 
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Figure 2. Workflow. 
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Figure 3. Algorithm execution. 
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Figure 4. Kharif season time series NDVI signature. 
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Figure 5. Rabi season time series NDVI signature. 
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Figure 6. Double crop time series NDVI signature. 
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Figure 7. Kharif crop distribution (Datum: WGS84). 
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Figure 8. Rabi crop distribution (Datum: WGS84). 
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Figure 9. Double crop distribution (Datum: WGS84). 
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Figure 10. The area under Kharif, Rabi, and double crop (computed and actual area). 
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Figure 11. Cropping intensity map (Datum: WGS84). 
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Figure 12. Ground validation points (Datum: WGS84). 
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Figure 13. Kharif crop ground validation point example with photograph (Datum: WGS84). 
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Figure 14. Rabi crop ground validation point example with photograph (Datum: WGS84). 






Figure 14. Rabi crop ground validation point example with photograph (Datum: WGS84).



[image: Applsci 12 12583 g014]







[image: Applsci 12 12583 g015 550] 





Figure 15. Double crop ground validation point example with photograph (Datum: WGS84). 
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Table 1. Band information of the Sentinel-2 satellite images [37].
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	Band
	Pixel Size

(m)
	Central Wavelength (nm)
	Description





	B1
	60
	443
	Aerosols



	B2
	10
	490
	Blue



	B3
	10
	560
	Green



	B4
	10
	665
	Red



	B5
	20
	705
	Red Edge 1



	B6
	20
	740
	Red Edge 2



	B7
	20
	783
	Red Edge 3



	B8
	10
	842
	NIR



	B8a
	20
	865
	Red Edge 4



	B9
	60
	940
	Water Vapor



	B11
	20
	1610
	Short Wave Infrared (SWIR)

SWIR 1



	B12
	20
	2190
	Short Wave Infrared (SWIR)

SWIR 2
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Table 2. Confusion matrix.
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Actual

	
Double

	
Kharif

	
Rabi




	
Observed

	






	
Double

	
19

	
1

	
2




	
Kharif

	
1

	
32

	
0




	
Rabi

	
5

	
2

	
16
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Table 3. Quality validation.
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	Crop
	Accuracy
	Precision
	Recall
	F1 Score





	Double
	0.88
	0.86
	0.76
	0.81



	Kharif
	0.95
	0.97
	0.91
	0.94



	Rabi
	0.88
	0.70
	0.89
	0.78



	Mean
	0.90
	0.84
	0.85
	0.84
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