
Advanced Remote Sensing, 2022, 2(1), 23-33 
 

23 
 

 

Advanced Remote Sensing 

 
http://publish.mersin.edu.tr/index.php/arsej 

 
e-ISSN 2979-9104  

 

 
 

Integration of Sentinel-1 and Landsat-8 images for crop detection: The case study of 
Manisa, Turkey 
 

Muslum Altun *1 , Mustafa Turker 1  

 
1Hacettepe University, Department of Geomatics Engineering, Türkiye, altunmuslum06@gmail.com, mturker@hacettepe.edu.tr 
 
 

 
Cite this study: Altun, M., & Turker, M. (Year). Integration of Sentinel-1 and Landsat-8 images for crop 

detection: The case study of Manisa, Turkey. Advanced Remote Sensing, 2(1), 23-33 
 
 

 

Keywords  Abstract 
SAR and Optical Image 
Classification 
Crop Detection 
Random Forest (RF) 
Image Fusion 
 
Research Article 
Received: 24.05.2022 
Revised:   20.06.2022 
Accepted: 25.06.2022 
Published: 30.06.2022 
 

 In this study, the accuracy performance of crop detection through classification was 
investigated in the integration of Sentinel-1 Vertical-Vertical (VV) and Vertical-
Horizontal (VH) polarized Synthetic Aperture Radar (SAR) and Landsat-8 satellite 
images belonging to a single date. A study area was selected from a region with dense 
agricultural lands within the boundaries of Manisa, Turkey. Wheat, Tomato, Corn, 
Corn_2, Cotton, Grapes, Clover and Olive Trees were determined as the crop types. 
Feature level integration was used to generate image stack and random forest (RF) 
machine learning algorithm was used for image classification. Classification was carried 
out using only Sentinel-1 SAR data, only Landsat-8 optical data and the merged data set 
of Sentinel-1 VV+VH and Landsat 8. Image stacking of Sentinel-1 VV+VH and Landsat 8 
increased the classification accuracy. The highest overall accuracy (81.46%) was 
achieved through classification based on the stacked dataset of the Sentinel-1 VV+VH 
bands and the Landsat-8 optical bands. The study has shown that the stacked dataset of 
Sentinel-1 VV+VH and Landsat-8 belonging to a single date has great potential in 
extracting summer crop types. 

 
 
 
 
 
 

1. Introduction  
 

One of the most common uses of earth observation satellites is the detection of agricultural products [1-2]. The 
information provided by thematic maps obtained from satellite images is very useful for the effective management, 
monitoring, decision making and computing the statistics of the crops produced in agricultural areas [3-4]. 

Remote sensing applications in agriculture are performed using the optical and Synthetic Aperture Radar (SAR) 
images [5-6]. Crop detection is among the most common uses of satellite images in agricultural areas. Although 
significant progress has been made in classification and crop detection using the optical satellite images, it is not 
always possible to find images of the desired dates and therefore to extract the necessary information due to 
constraints, such as cloud cover and temporal resolution. Unlike optical satellites, SAR satellites employ active 
sensors that provide their own energy for image acquisition. Among the important advantages of SAR satellites 
are that they are not affected by the weather conditions and have the ability to receive images day and night. For 
this reason, the use of radar images in the detection of crop types in agricultural areas is becoming more common 
day by day. 

Due to various limiting effects, the combined use of optical and SAR satellite data sets has become inevitable. 
Their combined use, which is prominent in distinguishing different crop types, increases the interest in 
agricultural studies [7]. Many studies have been conducted to classify agricultural areas and detect agricultural 
crops from satellites with different sensors [8-9]. 
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Remote sensing data acquisition is very expensive in terms of time and cost analysis. In this respect, the 
availability of Sentinel and Landsat satellite images free of charge is very important as they eliminate this difficulty. 
In addition, Landsat-8 satellite stands out with its wide use in many different areas in terms of its rich band 
number, providing images with different spatial resolutions to users, and low temporal resolution feature of 
Sentinel-1 satellite enables images to be used in a short time. With these features, agriculture has become one of 
the most common usage areas of Sentinel-1 and Landsat-8 images. The use of Sentinel-1 images is of particular 
importance for crop pattern detection in regions where it is difficult to obtain clear optical images or where a 
sufficient number of images cannot be obtained [8-11]. 

Based on the literature search on the related subject, [12] fused the Sentinel-1 SAR image dated April 15, 2018 
and April 22, 2018 and Landsat-8 OLI bands dated April 26, 2018 using Decision Level Fusion (DLF) technique and 
performed classification using the Support Vector Machines (SVM) algorithm. In their study, SAR VV+VH polarized 
bands were used. The effect of the speckle filter on the results was also measured in the study. In the classification 
performed using the bands fused with DLF technique without applying a speckle filter, 96.02% overall accuracy 
and 0.9515 kappa coefficient were obtained. It was observed that the speckle filter reduces the classification 
accuracy and texture properties produced from the VH polarized band outperformed those produced from VV 
polarized band. 

In the study of [13], resolution merge and The Local Mean Variance Matching (LMVM) data fusion techniques 
were compared using the Sentinel-1 SAR image dated February 25, 2015 and the Landsat-8 OLI image dated March 
18, 2015. As the images, the VV and VH polarized bands of Sentinel-1A were used. Four datasets, Sentinel-1A SAR, 
Landsat-8 OLI, Resolution merge (Sentinel-1 + Landsat 8) and LMVM (Sentinel-1 + Landsat 8), were used in 
classification performed using the Maximum Likelihood (ML) algorithm. Based on the results obtained, 58.50% 
overall accuracy and 0.48 kappa coefficient were calculated when using only Sentinel-1A SAR data, 67.16% overall 
accuracy and 0.59 kappa coefficient accuracy values were calculated when using only Landsat 8 OLI data, and 
79.75% overall accuracy and 0.75 kappa coefficient values were calculated when using the fused data set of 
Sentinel-1 and Landsat-8 based on resolution merge. In the classification performed using Sentinel 1 + Landsat 8 
data fused with the LMVM technique, 59.84% overall accuracy and 0.52 kappa coefficient values were calculated. 

In the study of [14], 2.75 m resolution TerraSAR-X and 30 m resolution Landsat ETM+ images were fused using 
high pass filtering (HPF), Principal Component Analysis with band substitution (PCA) and Principal Component 
with Wavelet Transform (WPCA) image fusion techniques. Then, the fused images were classified by the decision 
tree algorithm. Overall accuracy of 74.99%, 83.12% and 85.38%, respectively, and kappa coefficient values of 
0.7220, 0.8100, and 0.8369 were obtained from the fused images based on HPF, PCA and WPCA techniques. It was 
stated that WPCA is the most suitable one among the fusion techniques used. 

In the study of [15], Landsat 8 and Sentinel-1 SAR image were fused with the RGB Transformation and Brovey 
Transformation methods, and their morphology was extracted to sharpen the appearance of lava flow deposits in 
volcanoes. Sentinel-1 VV polarized band was used in the study. The results were visually analyzed by comparing 
with the figures. According to the results, the images and techniques used showed that the volcanoes can be 
observed continuously in all weather conditions. 

In the study of [16], Sentinel-1 SAR and Landsat 8 OLI images were fused with the Wavelet, Ehlers, Principal 
Component Analysis (PCA) and Gram-Schmidt (GS) methods to distinguish summer crop areas, garden areas and 
orchard areas in the Fergana Valley, Uzbekistan. Images fused with each method were classified using the SVM, 
Nearest Neighborhood (NN), Random Forest (RF) and Naive Bayesian (NB) algorithms. Classification using RF 
algorithm on the data set obtained through fusing with the Ehlers method gave the highest overall accuracy of 
85.9%. 

In the study of [17], paddy crops were detected using the classification of the Normalized Difference Vegetation 
Index (NDVI) bands derived from Sentinel-1 SAR and Landsat 7 Enhance Thematic Mapper-Plus (ETM+) and 
Landsat 8 OLI images in Heilongjiang, China. In their study, SAR VV and VH bands and NDVI bands were used 
together by means of fusing them. The classification was performed using the SVM and RF algorithms. 
Classification of SAR data in the VH polarized state based on RF algorithm provided the best results with an overall 
accuracy of 0.94 and a kappa coefficient of 0.93. 

In the study of [18], classification was carried out using the RF algorithm on the fused 12 Sentinel-1A, -1B SAR 
and Landsat-8 data collected at different times in 2015 and 2016 in Sub-Saharan Africa, inside and outside the 
residential areas. The VV and VH polarization bands of the SAR data were used. It was stated that the VV 
polarization band performed better than VH. Texture features were created and analyzed with Gray Level Co 
Occurrence Matrix (GLCM) in different window sizes. Optical and SAR data were combined using PCA image fusion 
technique. Optical data only, SAR data only, and the fused SAR and optical data were classified using pixel-based 
RF algorithm. It was stated that classification performed on the fused images provided quite high performance 
compared to the others. 

In the study of [19], image classification was performed to find the best land weave in the Pearl River Delta 
(PRD) region of China. In their study, the fusion was carried out between the 30 m resolution Landsat ETM+ and 
75 m resolution ENVISAT ASAR (WSM) image; 10 m resolution SPOT-5 and 12.5 m resolution ENVISAT ASAR (IMP) 
image; 10 m resolution SPOT-5 and 3 m resolution TerraSAR-X image. Image fusion was performed using the Pixel 
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level, Feature Level A, Feature Level B and Decision Level fusing techniques. Classification of the fused images was 
carried out using the ML, Artificial Neural Network (ANN), SVM and RF algorithms. The fused image obtained with 
the Feature Level B technique and the classification made by ML, ANN, SVM and RF algorithms provided better 
performance than other fusion methods (0.92 overall accuracy and 0.96 kappa coefficient). 

In this study, we aim to classify the feature level image stacked Sentinel-1 Synthetic Aperture Radar (SAR) 
(Vertical Vertical-VV and Vertical Horizontal-VH bands) and Landsat-8 data belonging to a single date 
(07.06.2017) using a machine learning algorithm. We investigate the effect of the stacked dataset of single date 
Sentinel-1 and Landsat 8 on the performance of crop classification. The agricultural area located between Salihli 
and Ahmetli districts of the city of Manisa, Turkey was chosen as the study area. As the images, 10 m resolution 
Sentinel-1 VV and VH polarized bands and 30 m resolution Landsat-8 Coastal Aerosol, Blue, Green, Red, Near 
Infrared, Short-Wave Infrared 1 and Short-Wave Infrared 2 bands were used. Image integration was performed. 
RF machine learning algorithm was chosen as the classifier. The detected crops are wheat, tomatoes, corn, corn2, 
cotton, grapes, clover and olive trees that are the most widely planted crop types in the region. The contribution 
of the combined use of the Sentinel-1 and Landsat 8 dataset on the accuracy of crop classification is shown by the 
computed accuracy values. 
 

2. Study Area and Data 
 

An agricultural area with the size of 520 km2 located within the borders of Ahmetli and Salihli Districts of the 
city of Manisa, Turkey was selected (Figure 1). The approximate coordinates of the study area are; 573369.16 m, 
4275559.88 m (North West); 573369.16 m, 4257782.09 m (South West); 603175.50 m, 4275559.88 m (North 
East); 603175.50 m, 4257782.09 m (South East) with the projection information of WGS 84, UTM-Zone 35 N, and 
Central meridian 27. 

In the study area, most of the parcels are cultivated with the summer crops as well as fallow areas and non-
agricultural areas that are not cultivated. The main crops grown in the region are include wheat, tomatoes, corn, 
cotton, grapes, clover, and olive trees.  
 

 
Figure 1. Study area 

 
The Sentinel-1 SAR and Landsat-8 images covering the study area were visually examined and both images 

acquired on the same date (07.06.2017) were selected as image data. VV and VH polarized C bands of Sentinel-1 
SAR and the Coastal Aerosol, Blue, Green, Red, Near Infrared, Shortwave Infrared 1 and Shortwave Infrared bands 
of Landsat-8 were downloaded from the relevant sites [20-21]. The downloaded data files also contain metadata 
information, such as projection, geometric and radiometric correction files, etc. The spatial resolutions of the VV 
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and VH polarized SAR C bands and the Landsat-8 Coastal Aerosol, Blue, Green, Red, Near Infrared, Short-Wave 
Infrared 1 and Short-Wave Infrared 2 optical bands are given in Table 1. 
 

Table 1. Bands and spatial resolutions of Sentinel-1 and Landsat-8 images 
Satellite Band Spatial Resolution (m) 

Sentinel-1 
C band – VV polarization 10 

C band – VH polarization 10 

Landsat-8 

Band 1 – Coastal Aerosol 30 

Band 2 – Blue 30 

Band 3 – Green 30 

Band 4 - Red 30 

Band 5 - NIR 30 

Band 6 – SWIR 1 30 

Band 7 – SWIR 2 30 

 
Farmer Registration System (FRS) is an agricultural database which contains information about the farmers to 

ensure that agricultural supports can be monitored, audited, reported and questioned [22]. In this study, we used 
the existing FRS data as the ground truth reference data. While the spatial information of the FRS data includes the 
location information, the attribute information consists of land registry information such as, province name, 
district name, parcel ID, parcel area, cultivated area, cultivated crop types, etc. 
 
 
3. Methodology 
 

The flowchart summarizing the steps of the method is shown in Figure 2. The method consists of four main 
steps: data preprocessing, image integration, classification and accuracy analysis. First, the necessary 
preprocessing steps were applied to Sentinel-1 SAR and Landsat-8 optical images. Then, the necessary 
arrangements were made on the FRS data so that it can be used as ground reference data. In the second step, 
feature level integration between Sentinel 1 SAR and Landsat-8 optical images was performed through image 
stacking. Parcel-based classification of the stacked image dataset was then carried out using the RF machine 
learning algorithm. As the final step, accuracy assessment of the obtained results was performed. 
 

 
Figure 2. The flowchart of the methodology 
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3.1. Data pre-processing 
 

Preprocessing operations were applied to Sentinel-1 VV and VH polarized data using the Sentinel Application 
Platform (SNAP) software [23]. Apply orbit file, radiometric calibration, speckle filtering (Lee Filter 5x5), 
topographic correction and back reflection db conversion preprocessing steps were performed. With the 
preprocessing applied to orbit file, the correct satellite position and velocity information was obtained by bringing 
up-to-date corrections to the satellite orbital state vectors of the SAR data. With radiometric calibration, the pixel 
values were converted to radiometrically calibrated SAR back reflection values. The speckle noise was reduced by 
applying a 5×5 Lee filter [24-25]. Distortions caused by topography were corrected with terrain correction and 
therefore the image was geometrically brought closer to the real earth. In the back-reflection dB conversion step, 
the back-reflection coefficients without any unit value were converted into dB using the logarithmic 
transformation given in Equation 1 [25]. 
 

𝛽𝑑𝑏
0 = 10 ∗ log10(𝛽0) (1) 

 
Preprocessing for the Landsat-8 optical satellite image consists of producing a layer stack of the bands to be 

used in classification [26]. The VV, VH and VV+VH polarized Sentinel-1 SAR data and Landsat-8 optical image 
obtained after the preprocessing steps are illustrated in Figure 3. 
 

  
SAR data with VV polarization SAR data with VH polarization 

  
SAR data with VV and VH polarization Landsat-8 (True Color - Blue, Green, Red) 

Figure 3. Landsat-8 and Sentinel-1 SAR images after pre-processing 
 

In addition to images, the necessary preprocessing operations were also performed on the reference data (FRS 
data). Parcels smaller than 1000 m2 were eliminated as most of these parcels did not contain a crop. The crops 
grown in the parcels and the spatial data of the parcels (polygon) were associated. 
 
3.2. Integration of Sentinel-1 SAR and Landsat-8 optic images  
 

In this study, we used feature level image integration to combine Sentinel-1 SAR (VV and VH bands) and 
Landsat-8 image (multi-spectral bands) data sets [27]. Our purpose for image integration was to obtain an 
integrated multi-band dataset from the combination of Sentinel-1 SAR image and Landsat 8 optical image. The 
higher spatial resolution Sentinel-1 SAR VV and VH bands were chosen as the first input data, while the lower 
spatial resolution multi-band (7-band) optical Landsat 8 image was chosen as the second input data. Image 
integration was performed using the “Composite Bands” tool of the ArcGIS software. With this tool, one can also 
create a raster dataset containing a subset of the original bands. This is useful if you need to create a new raster 
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dataset with a specific band combination and order [26]. The output raster dataset (in this study feature level 
integrated image) takes the cell size (spatial resolution) from the first raster band (in this study 10 m resolution 
Sentinel-1 SAR-VV and VH bands) in the order of inputs. Therefore, in this case, the spatial resolution of the feature 
level integrated data set has become 10 m.  
 
3.3. Image classification 
 

Image classification was carried out in MATLAB R2019b using the RF machine learning algorithm [29]. RF is 
one of the ensemble algorithms that uses the decision tree as the base class [30]. Before starting the tree 
development process, two parameters must be defined by the user to start the RF algorithm. These parameters 
are the number of variables (mtry) used at each node and the number of trees to be developed (ntree). The RF 
algorithm combines classifications made by many individual decision trees [28]. When the defined number of trees 
(ntree) is produced, the class of the candidate pixel is determined based on the estimation results obtained from 
the ntree tree [30]. In this study, the ntree value was taken as 100, and the mtry value was calculated as 

√numbⅇr of bands following [31]. In the present case, we used a parcel-based classification approach. In parcel-
based classification, pixel groups are created according to certain characteristics of the pixels such as shape, color, 
texture, size, relationship and pattern, and operations are performed on these pixel groups [32-33]. In this study, 
we used the FRS parcel boundaries to define homogeneous pixel groups. For each parcel, the frequencies of the 
classified pixels were calculated and the label of the highest frequency class was assigned to all pixels falling within 
the parcel. Of the 1024 reference parcels, 512 were used as training and 512 were used to test the classification 
accuracy. 

Wheat, Tomato, Corn, Corn_2, Cotton, Grapes, Clover and Olive Trees were defined as the crop types (classes) 
to be classified. As a result of the analysis of the images and FRS data we noticed that there were two types of corn. 
Therefore, corn was divided into two different classes (Corn and Corn_2). The number of parcels and pixels used 
for training and validation are given in Table 2. Image classification was performed using five different image data 
sets and the results were compared. In particular, the effect of the stacked dataset of Sentinel-1 SAR and Landsat-
8 on classification accuracy was evaluated. The image data sets used for classification are as follows: i) Sentinel-1 
VV band only, ii) Sentinel-1 VH band only, iii) Sentinel-1 VV and VH bands together, iv) Landsat-8 data only, and 
v) Stacked dataset of Sentinel-1 VV+VH bands and Landsat-8 data. 

 
Table 2. The number of parcels and pixels used for training and validation 

Agricultural Crop 
Training Data 
(Parcel / Pixel) 

Test Data 
(Parcel / Pixel) 

Wheat 94 37852 94 11473 

Tomato 26 12880 26 4399 

Corn 78 26636 78 10480 

Corn_2 25 7661 25 3628 

Cotton 28 15090 28 7020 

Grapes 202 33996 202 14398 

Clover 8 6027 8 563 

Olive Trees 51 27482 51 11670 

Total 512 167624 512 63631 

Overall total       1024/231255 

 
 
 

4. Results and Discussion 
 

For the accuracy assessment of the classified images, we used a standard error matrix. Since the classification 
was conducted based on parcel basis, we performed accuracy assessment on parcel-basis, therefore. In 
determining the number of test parcels, the study of [30] was taken into account. From the error matrix [34], we 
computed the overall accuracy and Kappa coefficient values. In addition, producer’s accuracy (PA) value and user’s 
accuracy (UA) value were also calculated for each class. The calculated accuracy values are given in Table 3. Figure 
4 shows the graphical comparison of overall accuracy and Kappa coefficient values of the classified outputs. The 
classified images using different data sets are shown in Figure 5 (a-e). 
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Table 3. Classification accuracy values computed based on different data sets. (PA: Producer Accuracy, UA: User 
Accuracy, VV: Vertical-Vertical Polarization, VH: Vertical-Horizontal Polarization) 

Crop Type 

 
Sentinel-1 VV 

 
 
Sentinel-1 VH 

 
 
Sentinel-1 VV+VH 

 
 
Landsat-8 

 
 
Stacked 
Sentinel-1 
VV+ VH and 
Landsat-8 

 
PA (%)  

 
UA (%) 

 
PA (%) 

 
UA (%) 

 
PA (%) 

 
UA (%) 

 
PA 
(%) 

 
UA 
(%) 

 
PA 
(%) 

 
UA 
(%) 

 
Wheat 

 
48,00 

 
48,42 

 
50,62 

 
51,06 

 
58,62 

 
59,13 

 
60,10 

 
64,55 

 
62,98 

 
68,86 

Tomato 30,57 32,11 32,23 33,86 37,33 39,21 76,16 78,33 73,06 82,08 

Corn 36,76 42,59 38,76 44,91 44,89 52,01 66,28 72,73 78,13 75,54 

Corn_2 22,71 25,64 23,94 27,03 27,73 31,31 81,16 80,58 89,79 88,58 

Cotton 36,04 41,87 38,00 44,15 44,01 51,13 80,72 77,14 81,91 80,34 

Grapes 42,99 47,41 45,33 49,99 52,50 57,90 74,19 74,87 89,27 88,31 

Clover 41,51 39,79 43,78 41,96 50,70 48,60 76,12 77,76 88,60 87,10 

Olive 
Trees 

25,52 29,65 26,91 31,27 31,17 36,21 71,63 73,90 86,65 91,46 

Overall 
Accuracy 

34,12 35,98 41,67 71,18 81,46 

Kappa 
Coefficient 

30,22 31,87 36,92 63,06 76,24 

 

 
Figure 4. Overall accuracy and kappa coefficient values computed based on different data sets 
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(a) Classification based on SAR VV 

data  
(b) Classification based on SAR VH 

data  
(c) Classification based on SAR VV 

and VH data  

  

(d) Classification based on Landsat 8 data 
(e) Classification based on the stacked data set of SAR 

VV + VH and Landsat 8 data 

 
Wheat 

  
Tomatoe 

  Corn 

 
Corn_2 

  
Cotton 

  
Grapes 

 

 Clover  Olive Trees  

Non 
Agricultural 

Areas 
Figure 5.  Comparison of the classifications conducted based on different data sets 

 
 

The overall accuracy of the classification based on Sentinel-1 VV data was calculated as 34.12% and the Kappa 
coefficient value was calculated as 30.22%. For wheat, the PA and UA values were calculated as 48.00% and 
48.42%, respectively. Similarly, these values respectively were 30.57% and 32.11% for tomato, 36.76% and 
42.59% for corn, 22.71% and 25.64% for corn_2, 36.04% and 41.87% for cotton, 42.99% and 47.41% for grapes, 
41.51% and 39.79% for clover, and 25.52% and 29.65% for olive trees. Corn_2 exhibited the lowest PA and UA 
values, while wheat provided the highest accuracy values. 

The overall accuracy of the classification based on Sentinel-1 VH data was calculated as 35.98% and the Kappa 
coefficient value was computed as 31.87%. The PA and UA values for wheat were 50.62% and 51.06%, 
respectively. Similarly, these values respectively were 32.23% and 33.86% for tomatoes; 38.76% and 44.91% for 
corn; 23.94% and 27.03% for corn_2; 38.00% and 44.15% for cotton; 45.33% and 49.99% for grapes; 43.78% and 
41.96% for clover; and 26.91% and 31.27% for olive trees. In the classification based on this data set, corn_2 
exhibited the lowest PA and UA values, while wheat provided the highest accuracy values. 

For the classification based on Sentinel-1 VV and VH bands separately, the values of PA, UA, overall accuracy, 
and Kappa coefficients generally stayed below 50%. This is due to the fact that the VV or VH band is a single-band 
panchromatic data that significantly affects the classification accuracy. It is evident that if only one of the Sentinel-
1 VV or VH bands is used in the classification, the crops grown in this region cannot be reliably detected. 

Comparing the overall accuracy values computed based on the Sentinel-1 VV and VH bands, the VH band 
provided approximately 1.86% better performance than the VV band. Similarly, the Kappa coefficient value 
computed for the VH band was slightly higher than the value computed for the VV band. 

For the classification based on both Sentinel-1 VV and VH bands, the overall accuracy and Kappa coefficient 
values were calculated as 41.67% and 36.92%, respectively. For each crop type, the computed producer’s and 
user’s accuracy values were respectively as follows: 58.62% and 59.13% for wheat; 37.33% and 39.11% for 
tomato; 44.89% and 52.01% for corn; 27.73% and 31.31% for corn_2; 44.01% and 51.13% for cotton; 52.50% and 
57.90% for grapes; 50.70% and 48.60% for clover; 31.17% and 36.21% for olive trees. 

Classification based on the Sentinel-1 VV and VH bands together produced approximately 5% better results 
than using each of these bands alone. These findings confirm the generalization in this study that when there is an 
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increase in the number of bands included in the classification, there is a proportional increase in the classification 
results. 

Classification based on Landsat-8 data only provided 71.18% overall accuracy and 63.06% Kappa coefficient 
value. The PA (60.10%) and UA (64.55%) values computed for wheat were lower than expected. For other crop 
types, the computed PA and UA values are respectively as follows: 76.16% and 78.33% for tomatoes; 66.28% and 
72.73% for corn; 81.16% and 80.58% for corn_2; 80.72% and 77.14% for cotton; 74.19% and 74.87% for grapes; 
76.12% and 77.76% for clover, and 71.63% and 73.90% for olive trees. Compared to Sentinel-1 SAR data (VV, VH 
and VV+VH), the Landsat-8 data provided up to 37% better performance in the overall accuracy. For Kappa 
coefficient, the accuracy increase was about 33% in favor of the Landsat-8 data. For the individual crop types, the 
UA and PA values were approximately 30% higher than that of Sentinel-1 SAR data. Although the spatial resolution 
of the Landsat-8 optical bands is 30 m and the spatial resolution of the Sentinel-1 VV and/or VH bands is 10 m, the 
classification accuracy based on Landsat-8 data was significantly higher than that of Sentinel-1 data. In this respect, 
we can say that the lower spatial resolution multi-band Landsat-8 optical data may be preferred to Sentinel-1 SAR 
data. In addition, our findings showed that the color effect of pixels or objects (agricultural parcels for this study) 
appears to be more important than the size (spatial resolution) factor that the pixels occupy on the ground. 

Classification based on the stacked data set of Sentinel-1 VV + VH and Landsat-8 provided the overall accuracy 
and Kappa values of 81.46% and 76.24%, respectively. Based on the study of [37] we can say that these values are 
sufficient. This data set provided the highest overall accuracy and Kappa coefficient values of the datasets used. 
For the individual crop types, the computed PA and UA values were, respectively as follows: 62.98% and 68.86% 
for wheat; 73.06% and 82.08% for tomatoes; 78.13% and 75.54% for corn; 89.79% and 88.58% for corn_2; 
81.91% and 80.34% for cotton; 89.27% and 88.31% for grapes; 88.60% and 87.10% for clover and 86.65% and 
91.46% for olive trees. It is evident that the use of the stacked data set of Sentinel-1 VV+ VH and Landsat 8 in the 
classification significantly improved the results when compared the use of either of these images. The use of the 
stacked Sentinel-1 VV+VH and Landsat 8 data set in the classification provided much better performance than that 
of using either of these images (Table 3 and Figure 4). 

For the classification based on Sentinel-1 VV, VH, and VV+VH, wheat provided the highest PA and UA accuracy 
values (Table 3). On the other hand, for the classification based on Landsat-8 and the stacked data set of Sentinel-
1 VV+VH and Landsat-8, wheat gave the lowest PA and UA accuracy values. This is due to the presence of 
interpretation elements of SAR and optical images that may be inferior or superior to each other. The 
characteristics of SAR images are different from optical ones. Optical image classification is highly correlated with 
texture and shape information, while SAR image classification relies more on shape information because the 
texture is always blurred and full of noise [35]. In this study, the existence of this situation has been monitored 
only for the wheat crop type.  
 
 

5. Conclusion and Recommendation 
 

This study investigated the effect of the integration of single date (07.06.2017) Sentinel-1 SAR and Landsat-8 
data on the classification performance of agricultural summer crops. The integration of these two data sets was 
carried out at feature level through image stacking and supervised RF machine learning algorithm was used for 
classification. Image classification was performed using different image data sets. Classification conducted using 
the original Sentinel-1 VV or VH polarized bands provided accuracy values about 35%. The use of both Sentinel-1 
VV and VH bands in classification exhibited a marginal effect in the results increasing overall accuracy to 41.67%. 
The results show that a single-date Sentinel-1 SAR VV or VH data is not sufficient in detecting summer crops, at 
least in the area used in this study. Classification based on Landsat-8 data only provided much higher overall 
accuracy (71.18%) than that of Sentinel-1 data. According to [36], this accuracy value is reasonable. This higher 
accuracy value demonstrates that multispectral-bands have considerable contribution to classification of a single-
date image. 

Classification based on the stack dataset of the integrated Sentinel-1 VV + VH and Landsat-8 provided overall 
accuracy and Kappa values of 81.46% and 76.24%, respectively. Among the input image datasets used in this study, 
this data set provided the best results. When used alone, the Sentinel-1 SAR data (VV or VH band) provided 
considerably low accuracy values. However, when combined with Landsat 8 optical image, Sentinel-1 SAR data 
demonstrated a significant contribution to results. 

The FRS data are prepared based on the verbal statements of the farmers.  In order to use FRS data as reference 
data for training and accuracy assessment, it should undergo some editing operations. Those FRS parcels with 
missing or incorrect information such as cultivated area, cultivated crop name, difference between total parcel 
area and cultivated area, etc. can be automatically detected and corrected in the database. 

The use of both Sentinel-1 SAR and Landsat-8 optical images in classification provides the combined effects of 
higher spatial resolution SAR bands and lower spatial resolution multispectral bands. Classification based on the 
stack dataset of the integrated image of these two data sets appears to provide sufficient accuracy values for 
agricultural crop type detection in regions with reasonably large agricultural fields. The study has shown that the 
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stacked dataset of Sentinel-1 VV+VH and Landsat-8 belonging to a single date has great potential in extracting 
summer crop types. 
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