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Abstract: Observing cultivated crops and other forms of land use is an important environmental 13

and economic concern for agricultural land management and crop classification. Crop categoriza- 14

tion offers significant crop management data, ensuring food security, and developing agricultural 15

policies. Remote sensing data, especially publicly available Sentinel 1 and 2 data, has effectively 16

been used in crop mapping and classification in cloudy places because of their  high spatial and 17

temporal resolution. This study aimed to improve crop type classification by combining Sentinel-1 18

(Synthetic Aperture Rader (SAR)) data and the Sentinel-2 Multispectral Instrument (MSI) data. In 19

the study, Random Forest (RF) and Classification and Regression Trees (CART) classier were used 20

to classify grain crops (Barley and Wheat). The classification results based on the combination of 21

Sentinel-2 and Sentinel-1 data indicated an overall accuracy (OA) of 93 % and a kappa coefficient 22

(K) of 0.896 for RF and (89.15%, 0.84) for the CART classifier. It is suggested to employ a mix of radar 23

and optical data to attain the highest level of classification accuracy since doing so improves the 24

likelihood that the details will be observed in comparison to the single-sensor classification tech- 25

nique and yields more accurate results. 26

27Keywords: Synthetic Aperture Rader (SAR); Optical image (Sen-tinel 2); Random Forest (RF); 

CART; GEE 28

29

1. Introduction 30

It is obvious that agriculture can be considered the  “backbone” of human life and 31

has significant control over the economy [1]. Wheat (Triticum ssp.) and barley (Hordeum 32

vulgare L.) are the two most significant temperate cereal crops in terms of economic sig- 33

nificance among the roughly 30 types and 360 species that make up the tribe Triticeae 34

(subfamily Pooideae, family Poaceae) [2]. Therefore, the public and private sectors always 35

need to obtain reliable agricultural information, in order to make comprehensive deci- 36

sions for agricultural policy, provide crops at the lowest cost and guarantee food security 37

[3]. Monitoring agricultural areas are critical to mitigating challenges facing the world 38

such as population growth, increased demand for food and climate change [4], and alter- 39

ations in consumption habits [3]. Dealing with these challenges requires spatial and tem- 40

poral information for the distribution of crops, as well as location-based crop classification 41

maps to estimate crop harvest forecasts during the growing season  [5]. Crop maps entail 42

detailed temporal and spatial information, where agricultural fields are developed and 43

managed by a diversity of social or policy activities that can have a significant impact on 44
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biochemical, hydrological, climatic, biological, economic and human health cycles. Some 45

local governments use manual labor to implement social policies, identify farm character- 46

istics, and estimate the amount and type of crops harvested in a given area [6], however, 47

new techniques are essential to be used. 48

Crop classification and obtaining information about farmlands is one of the most im- 49

portant agricultural practices through remote sensing at local and global scale. It is useful 50

for the design and implementation of agricultural policy, crop management and food se- 51

curity[7]. Remote sensing has found widespread use during the last few decades, notably 52

in the field of precision agriculture. The geographical variation that is covered by various 53

crops may be estimated in large part by crop identification and categorization [8]. Field 54

mapping demands a significant amount of time and effort despite, its exceptional preci- 55

sion. The opportunities for field study are severely impacted by the high-mountain vege- 56

tation, its restricted availability and shorter vegetation season compared to lowlands. Re- 57

mote sensing data, which are distinguished by increased objectivity and spatial coverage, 58

are employed more frequently as a result of the quick development of technology [9] . 59

Remote sensing technique is popular and effective to create crop map distribution. It 60

enables rapid and efficient mapping of agricultural land cover, enabling several world- 61

wide cultivated observing applications [10]. Since these data span huge areas at multiple 62

time and spatial resolutions, it is usual practice to use remote sensing data to identify crop 63

kinds. The classification of various crop kinds is based on how those reflectance properties 64

change during the year, therefore the temporal aspect is almost always taken into account 65

[4]. Crop maps have been produced using a multi-spectral and multi-temporal remote 66

sensing data, which has previously demonstrated its capacity to assess vegetation status 67

over different periods [8]. In comparison to conventional ground-based surveys, which 68

are costly and time-consuming, remote sensing-based approaches have been shown to be 69

an efficient method for crop categorization and crop area assessment [11]. 70

Satellite land monitoring offers information about biodiversity, surface characteris- 71

tics, and spatial differences at a given time, which are very rich sources of information for 72

crop species identification, and can be utilized to monitor them throughout the growth 73

cycle [7]. Aerial imagery is one of the most valuable sources of information for automated 74

land classification and development of various crops grown in different agricultural areas 75

worldwide, which can estimate the area of certain crops, monitor their health and predict 76

their production [12]. The classification and identification of diverse crop categories are 77

based on their variable reflectance properties throughout the year which are constantly 78

taken into account  [4]. The classification was performed using a variety of spectral bands 79

from multispectral time series data. Along with time series data, several vegetation indices 80

produced from multispectral images have also been utilized to augment the information 81

and more accurately distinguish areas of vegetation and non-vegetation[8], visible and 82

infrared sensors have been widely used for crop type classification and crop area assess- 83

ment [13]. 84

Satellite sensors are particularly important because of their excellent spatial resolu- 85

tion, which allows scientists to dramatically reduce the expenses of ongoing monitoring 86

of landscape elements. Sentinel-2 data might be regarded as revolutionary in this situation 87

since in addition to having a short revisit period (five days), it also has the best possible 88

spectral and spatial resolution. Due to the physiognomic changes occurring in the vegeta- 89

tion, the greater number of data gathering allows for the creation of multi-temporal com- 90

positions, i.e., images consisting of information collected at various times of the growing 91

season, which may have a discernible effect on the classification outcomes [9]. More re- 92

cently, the free availability of Sentinel images with high spatial and temporal accuracy has 93

provided sufficient opportunities for agricultural activities [11]. [14] indicated that ((Sen- 94

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 September 2022                   doi:10.20944/preprints202209.0169.v1

https://doi.org/10.20944/preprints202209.0169.v1


3 of 20 

tinel-1A, 2A have significant classification capability of crops and proposed the integra- 95

tion of ((Sentinel-1A, 2A) for high accuracy grain classification, which is still rarely being 96

employed [15]. Nevertheless, several studies found that using both optical and radar data 97

together increased mapping accuracy compared to using only one sensor to classify the 98

land cover [16–19].  99

Supervised classifiers that employ the maximum-likelihood method are the key com- 100

ponent of conventional classification. These traditional classifiers  were no longer able to 101

comprehend the intricacy of such important data since fine resolution data has recently 102

become more accessible  [20]. However, the radiation reflectance in wheat and barley is 103

very similar, so it is necessary to use Sentinel-1 and 2 to make the classification results 104

more accurate. Therefore, the classification methods employed in this study are based on 105

the classification and regression tree (CART) and random forest algorithms (RF). The se- 106

lection of the classification methods is based on their wide-ranging use in land use cate- 107

gorization.  108

The SAR data enable to permit the stringent data needs of effective crop monitoring 109

and the appearance of clouds or haze has no impact on SAR data and it can collect data 110

during the day and at night. Furthermore, compared to Sentine-2 wavelengths, micro- 111

waves may penetrate plants more thoroughly. Plant water content has a significant impact 112

on SAR signal [21]. SAR data relies on frequency and polarization, it provides a compli- 113

cated depiction of topography, surface coarseness, soil moisture, and canopy structure, 114

while utilizing optical data, which uses the visible, near-infrared, and short-wave infrared 115

range of the electromagnetic radiation, allows researchers to learn significant details about 116

the water content, leaf pigments, and general health of vegetation [22]. 117

The main aims of this study are to combine optical and SAR data to (1) demonstrate 118

how combining Sentinel-1 and Sentinel-2 increases overall accuracy, (2) to identify crop 119

types classes with high accuracy as a result of combining different sensors, and (3) to eval- 120

uate different methods for crop mapping. The output of the research will contribute effec- 121

tively by adding more knowledge to the field to the ongoing attempt to improve classifi- 122

cation approaches and it helps to efficiently classify crop fields. 123

2. Data and Methodology: 124

2.1. Study area: 125

The study site covers the Harir plain of Erbil Province in the north-eastern part of 126

Iraqi Kurdistan, it is 4742.6 ha and located between latitudes 36 ̊ 23ʹ 17ʺ N and 36̊ 40ʹ 05ʺN 127

and longitudes 44 ̊ 8ʹ 1ʺ E and 44 ̊ 29ʹ 15ʺE, and it is approximately (47.3) km far from Erbil 128

city. The study area shares a boundary with Soran district from the north and northeast, 129

Ranyah from the South, Akre in the North West (Figure: 1). The climate of the study site is 130

parallel to that of the Mediterranean region which is characterized by semi-arid climate, 131

according to Köppen classification  [23] summers are hot and dry, and winters are cold 132

and rainy. Rainfall is inadequate for the period between October and November, averag- 133

ing (543) mm annually [24]. According to the classification of soil, the study area consists 134

of (4) types of soil which are a mixture of lithology with limestone, brown soils with me- 135

dium thickness and deeply covered with lucky dust Stone [25]. 136
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137

  Figure1: illustration of the location of the study area (Harir plain) 138

2.2. Data source and pre-processing: 139

The Sentinel-1 and Sentinel-2 satellite programs place a strong premium on land 140

use land cover monitoring, mainly in regions of rapid alteration [15]. In this study, Opti- 141

cal and SAR imagery from the two sensors Sentinel-2 and Sentinel-1 were utilized. The 142

selection of these two sensors is primarily based on their obtainability, as well as the high 143

spatial, spectral, and temporal resolutions they provide. Both Sentinel-1 and Sentinel-2 144

data were obtained in the GEE platform, taking into account Sentinel-2 product's cloudy 145

coverage of less than 10% and the difference between both images is only two days. 146

The Sentinel-1 satellite was launched by the European Space Agency (ESA) on 147

April 3, 2014. Sentinel-1 is a two-satellite constellation mission, with 1B scheduled to 148

launch in 2018 [26]. Sentinel-1 is equipped with a C-band in four imaging modes (EW, 149

IW, SM, and WV) with various spatial resolutions (10, 20, 60 m) and coverages an antenna 150

transmits microwave signals to an exact region of the Earth's surface for synthetic aper- 151

ture radar (SAR) imaging. It is possible to measure the microwave energy reflected to the 152

spacecraft. The radar concept is used to produce SAR images, which uses the time delay 153

of backscattered signals to produce an image. SAR images are appropriate and valuable 154

for evaluating alterations on the Earth's surface caused by the SAR system's operation at 155

all times and in all-weather situations [27]. 156

The present study depends on SAR data Interferometric Wide (IW) Swath mode 157

in dual polarization mode (VV, VH) from 19 April 2022 Table (1). In addition, The SAR 158

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 September 2022                   doi:10.20944/preprints202209.0169.v1

https://doi.org/10.20944/preprints202209.0169.v1


5 of 20 

data had to be pre-processed after they were acquired in order to draw out useful infor- 159

mation for the classification procedure.  SAR data is created by the coherent interaction 160

of the emitted microwave with the targets, as opposed to optical images. As a result, it is 161

impacted by the speckle noise, which results from the coherent addition of signals scat- 162

tered by ground scatters dispersed at random among the pixels. The fluctuation of pixel 163

values around a mean that corresponds to the target's intended backscattering coefficient 164

is referred to as speckle [28]. A SAR image appears visually noisier than an optical one. 165

Speckle is caused by the interference waves reflected from numerous elementary scatters, 166

which appear as grainy noise in SAR images. To reduce radar speckle, a smoothing filter 167

with the function focal mean and a smoothing radius of 50 meters was used. The process 168

of speckle filtering improves image quality by removing speckles [29]. A considerable 169

body of study has been done on modelling and the elimination of speckle [30–32]. There- 170

fore, a speckle noise removal filter is necessary before display and further analysis.  171

Sentinel-2 is the second data that was used in this study. The polar-orbiting Sun- 172

synchronized Sentinel-2 between the latitudes of 84° North and 56° south, the two satel- 173

lites have a temporal resolution of 10 days with one satellite and 5 days with two satellites 174

[33]. Different pre-processing techniques were used on Sentinel-2 data. Data from Senti- 175

nel-2 were automatically processed. Sentinel-2A is equipped with high-resolution optical 176

equipment with spatial resolutions of (10m, 20m and 60 m), and 13 bands with a wave- 177

length range of 443 nm to 2190 nm. To identify crop types, ten spectral bands in addition 178

to NDVI were employed in this study, including (Blue, Green, Red, Red Edge 1, Red 179

Edge 2, Red Edge 3, NIR, Red Edge 4, SWIR1, and SWIR2. Bands 1 (coastal aerosol), 9 180

(water vapor), and 10 (SWIR-cirrus) were removed from the analysis since crop type 181

mapping was not relevant to them. Each of the bands of  vegetation red-edge (5, 6, 7, 8A), 182

and SWIR (11, 12) was resampled from 20 m to 10 m spatial resolution. In addition, Nor- 183

malized Difference Vegetation Index (NDVI) was generated in sentinel-2 using bands 184

NIR (8) and red (4). It combined with Sentinel 2 bands to improve the classification tech- 185

nique.  186

Table 1: Main attributes from the Synthetic Aperture Radar (SAR) dataset Sentinel-1. 187

188

189

190

191

192

193

194

2.3. Methodology: 195

The method utilized in this study consists of four key steps, data collection, pre- 196

possessing, classification and accuracy assessment. Figure 2 illustrates the sequence of 197

the diverse steps just mentioned. Since the first two steps have already been discussed, 198

the third and fourth stages will be discussed in detail in the following section. 199

2.3.1. Sampling Strategy: 200

Operation   Since    imaging date  19/04/2022 

April 3, 2014 

Orbit hieght  693 km    Swath width    250km 

Inclination   98.18  SAR  Sub-swaths  3 

Wavelength C-band (3.75-7.5cm)

Polarization  Dual(VV, VH)   spatial resolution  5*20m ( single look 

Temporal resolution  6days       pixel Spacing         2.3*17.4 m 
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The reference polygons were split into training polygons (70%) and testing pol- 201

ygons (30%), based on crop type and the area of the field. The study separated training 202

and testing polygons to detect how well models performed across different crop types 203

and filed sizes. The polygons used for training were sampled using stratified random 204

sampling with (182) polygons (57883 pixels) for all crop types.  This study gathered dif- 205

ferent random samples according to class sizes, such as wheat (70) polygons (26499 pix- 206

els), barley (18) polygon (7281 pixels), uncultivated land (63) polygons (17708 pixels), 207

airport and resident area (33) polygons, (1546 pixels), bareland (16) polygons (1311 pix- 208

els), grassland (14) polygons (3538 pixels), random samples. In addition, 30% of samples 209

were used as testing points for validation. Furthermore, (92) polygons, (24786) pixels, 210

were used for testing which is 30% of all samples for all crop types (Table 2). The study 211

employed a random forest and classification and regression trees (CART) classifier. Clas- 212

sified images were exported from GEE to Google Drive and then downloaded. 213

2.3.2. Image classification: 214

In this study, Google Earth Engine (GEE) was employed for image classification 215

which is a cutting-edge cloud-based platform for the processing of remote sensing data. 216

Remote Sensing images (Sentinel  1&2) are available in GEE. The choice of an appropriate 217

classification technique is a crucial step to the effective synergetic classification of crop 218

classes, together with the accurate selection and pre-processing of satellite input data. In 219

this study, Random Forest and CART classification were used. 220

Fgure2: The flowchart for crop type classification using Sentinel-1 and Sentinel-2 data 221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

Random Forest Classifi- 237

cation: 238
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The decision tree is one of the most widely used methods for identifying patterns 239

or predicting target variables, which splits the input space into parts and gives each sector 240

a response value. Using grouped rules to integrate the predictions of many independent 241

algorithms, Random Forest is a novel way of developing decision trees. Each tree is made 242

by replacing each fixed design with a distinct group of existing patterns. The total number 243

of obtainable methods will be utilized to detect the size of this selected class [34]. The non- 244

parametric RF technique proposed by [35] was used to digitally categorize images into 245

crop types using GEE. These algorithms were selected because of their reliability and pre- 246

cision in classification [36], as well as their continuing excellent performance, ease of pa- 247

rameterization, and robustness [37]. Many studies concentrating on crop type mapping 248

indicated that RF findings are often reliable [38–40]. 249

The RF is a classification algorithm containing several decision trees. Each one 250

is produced from randomly picked training pixels [41]. The RF method is a flexible ensem- 251

ble learning approach that mixes K binary classification. Each tree is created by implement- 252

ing a unique learning algorithm into subsets of the input variable sets that were divided 253

using the Gini index as one of the attribute value tests [42,43]. To create a prediction model, 254

the RF classifier just requires the determination of two parameters: the desired number of 255

classification trees (k), and the number of prediction variables (m), which are utilized in 256

each node to create the tree growth [44]. Furthermore, the RF classifier operates effectively 257

with large datasets. Recent research demonstrated that RF can integrate several remote 258

sensing characteristics with categorical land use data to enhance classification performance 259

and to distinguish between forests and other ground covers [45].  260

Classification and Regression Trees (CART): 261

 CART is a sophisticated method based on a Decision Tree (DT) classifier, which is 262

created from a collection of training data. It is a nonparametric modelling technique that 263

may be used to interpret reactions of a dependent factor using a collection of independent 264

continuous or classified variables [46]. The CART is a binary multivariate statistical 265

method that can process continuous and nominal properties as targets and predictors. No 266

binning is necessary or advised; data are handled in their raw state [47]. [48] showed that 267

the CART classifier was not only precise but also processed a huge quantity of data in a 268

very short amount of time. The benefit of CART is that it is easy to comprehend, visualize, 269

and interpret. CART can handle both classified and numerical data [49]. CART analysis 270

has another advantage which is a mostly automated "machine learning" technique. In other 271

words, the analyst needs none to very minimal input based on the intricacy of the study 272

[50]. The negative part about CART is that it may produce excessively complicated trees 273

that do not generalize the data, a process known as overfitting. Additionally, it has a high 274

degree of sensitivity to the training datasets; a slight change in the training data might lead 275

to a completely different collection of subsets [49]. 276

2.3.3. Accuracy assessment: 277

The confusion matrix was used to calculate the classification findings' overall ac- 278

curacy (OA), kappa coefficient, producer's accuracy (PA), and user's accuracy (UA) [15]. ). 279

A confusion matrix is a sample computation of categorized map and reference data that 280
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has been cross-tabulated. Comparing the images allows for a qualitative assessment of the 281

classification findings while employing statistical tools such as the confusion matrix and 282

the Kappa index allows for a quantitative assessment of the land use land cover classifica- 283

tion's accuracy [51]. The overall accuracy (OA) was defined as the percentage of properly 284

classified sampled pixels (Equation 1), while the kappa coefficient is a measure of classifi- 285

cation performance that takes into account the chance agreement between the prediction 286

and reference data (equation 2). UA denotes the likelihood that a certain labelled sample 287

will be accurately categorized, while PA denotes the percentage of a given reference class 288

that is correctly classified.  This study used 30 percent of the 182 samples using the error 289

matrix of each categorized image, Kappa and overall accuracy were calculated for accuracy 290

assessment (Table 2). 291

𝑂𝐴
= ∑ 𝑥𝑖𝑖

𝑘
𝑖=1

𝑁
,……………………… .1 292

Xii = number of diagonal pixels (correctly classified) 293

N= total number of pixels. 294

𝐾 =
𝐴0 − 𝐴𝑐
1 − 𝐴𝑐

…………………………2 295

𝐴0  The obtained OA or the actual percentage of classified land 296

𝐴𝑐   Probability of obtaining a correct classification. 297

298

Table 2: Description of the training and validation samples 299

300

301

302

303

304

305

306

307

308

309

3. Results 310

3.1. Image classification: 311

The Random Forest and CART classifier were used to produce the crop type map 312

in the study area, the total site of concern is about (4742.6 ha) in Table 3 and Figure 3, and 313

the exact area of the crop types of this study are listed. Table 3 indicates that the wheat 314

area covers the largest area with a total of about 1812.5 hectares and 38.2%, according to 315

Random Forest classification, while the area of the same category with the CART classifi- 316

cation is 1741 hectares 36%, followed by wheat, barley, uncultivated and grassland occu- 317

pying the largest area with 37.6% and 34%, 9.4%, 13.1%, 8.5% and 9.4%, respectively, ac- 318

cording to the random forest and card classification respectively, while it was observed 319

Class name Training Polygons     Validation Polygons    Training Pixels Validation 

Pixels 

Wheat   70   30 26499 11327 

Barley 18 7   7281   3105 

Uncultivated Land  63 27 17708   7691 

Airport and 33 14 1546 686 

Roads 

Bareland   16 7   1311 548 

Grassland 14 7 3538 1553 
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that the bare land, residential land and airport have the lowest area with 3.9%, 4.1 and 320

2.3%, 2.7%, respectively. 321

Table 3. Shows the quantity of crop types and other land use classes over the study area 322

C
la

ss
es

 Area 

Hectares 

(RF) 

Area % 

(RF) 

Area 

Hectares 

(CART) 

Area % 

(CART) 

Wheat 1812.5 38.2 1741 36.7 

Barley 447.67 9.4 620.48 13.1 

Uncultivated land 1783.5 37.6 1610.9 34.0 

Airport and Resident area 108.32 2.3 129.66 2.7 

Bareland 187.06 3.9 193.93 4.1 

Grassland 403.5 8.5 446.58 9.4 

Total 4742.6 100.0 4742.6 100.0 

323

Figure 3: crop type map classification obtained from RF and CART classifier 324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

RF classifier 

CART classifier 
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3.2. Accuracy Assessment: 350

In addition, the classification utilizing the sentinel-1 (SAR) attains an overall accu- 351

racy (AO) of 72.91 and 65.04 with Kappa of 0.58 and 0.49 for RF and CART classification, 352

respectively (Table 4).  The highest PA that was obtained for both the RF and CART algo- 353

rithms are for uncultivated land (83% and 81.7%), followed by airport and road (79.3%) for 354

RF classification, then wheat (74.8 and 74.6), bare land (59.5% and 50.8%), barley (38.4% 355

and 27.5%), and grassland (18.4% and 12.6%), respectively. The PA for uncultivated, air- 356

port and road, wheat and bare land are quite high. The PA rate for uncultivated is 83.0% 357

because of the total wheat pixels (6616 pixels), 432 pixels are classified as wheat, 470 pixels 358

are classified as barley, 48 pixels are classified as airport roads, 243 pixels are classified as 359

bare land and 161 pixels Classified as Grassland in (RF), while the rate of PA for unculti- 360

vated is (81.7%) in (CART) classifier due to in the total wheat pixels (6113 pixels), 473 pixels 361

are classified as barley, 45 pixels are classified as airport roads, 230 pixels are classified as 362

bare land and 170 pixels Classified as Grassland (Table 5). The PA for grassland and barley 363

is less than 35%, which indicates a significant omission error.  364

Table 4: Confusion matrix of the classification results using the SAR (RF Classifier). 365

366

In addition, the user’s accuracies (UA) is highest for uncultivated land (89.2% and 367

81.4%), followed by wheat (86.6% and 72.8%), airport and road (51.7% and 50.8), bare land 368

(34.7% and 32.6%), barley (27% and 29.8%), and grassland (6.4% and 12.8%) for both (RF 369

and CART) classifiers respectively. The UA rate for uncultivated is 89.2% because 359 pix- 370

els are classified as wheat, 250 pixels are classified as barley, 14 pixels are classified as 371

airport roads, 95 pixels are classified as bare land and 82 pixels are classified as Grassland 372

in (RF), while the rate of UA for uncultivated is (81.3%) in (CART) classifier due to 463 373

pixels being classified as  wheat, 472 pixels classified as barley, 47 pixels classified as air- 374

port and road, 247 pixels classified as bare land and 170 pixels classified as Grassland (Ta- 375

ble 5). The PA for barley, airport and road, and bareland are less than 60%, which indicates 376

a significant omission error.  377

Table 5: Confusion matrix of the classification results using the SAR (CART Classifier) 378

Classes Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 9977 821 432 50 14 221 86.6 

Barley 1672 842 470 17 1 118 27.0 

Uncultivated land 359 250 6616 14 95 82 89.2 

Airport and road 185 74 48 348 10 8 51.7 

Bareland 71 18 243 6 182 5 34.7 

Grassland 1067 190 161 4 4 98 6.4 

Producer's accuracy 74.8 38.4 83.0 79.3 59.5 18.4 

omission error 

Overall accuracy 72.9140597 

Kappa 0.5778655 
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Classes Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 8273 1502 473 177 81 860 72.78 

Barley 1282 894 450 71 30 268 29.84 

Uncultivated land 463 472 6113 47 247 170 81.37 

Airport and road 180 60 45 333 16 21 50.83 

Bareland 72 24 230 21 175 15 32.58 

Grassland 814 302 170 7 18 192 12.58 

Producer's accuracy 74.63 27.47 81.71 50.76 30.86 12.58 

Omission error 

Overall accuracy 65.04395962 

Kappa 0.486524667 

The Sentinel-2 categorization image noted low omission and commission errors as 379

well as higher overall and Kappa as compared with sentinel-1. The overall accuracy is 380

88.978 and 85.081 and Kappa is 0.8299 and 0.7808 for RF and CART classification (Table 6). 381

According to the aforementioned findings, Sentinel-1 SAR data determine land cover types 382

less accurately than Sentinel-2 data at the same spatial resolution. The PA accuracy was 383

high for the airport and roads (97.57% and 96.97%), uncultivated land 92.12% and 91, 01%), 384

wheat 90.1% and 89, 55%, bareland 88.05% and 77.87%, but it decreased for the classes of 385

barley and grassland (less than 70%). The UA for all classes that are quite higher exclude 386

barley in the RF algorithm. The obtained UA is highest for airport and road (98.02% and 387

95.96%), then uncultivated land (9515% and 91.41%), wheat (95.22% and 89.53%), bare land 388

(83.81% and 78.01%), grassland (73.95% and 66.79%) for both (RF and CART) classifier, 389

respectively.  The lowest user accuracy showed in barley (41.15% and 61.91%) for both 390

algorithms, respectively. When the classification results of Sentinel-1 are compared with 391

those of Sentinel-2, it is observed that the overall accuracy and Kappa of Sentinel-2 is much 392

higher than that of Sentinel-1  ،as well as, the classification accuracy of Sentinel-2 classes is 393

also much better than that of Sentinel-1. 394

Table 6: Confusion matrix of the classification results using the Optical Sentinel-2 (RF Classifier) 395

Classes Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 10761 251 165 6 5 113 95.22 

Barley 886 879 278 0 11 82 41.15 

Uncultivated land 98 126 7356 2 38 70 95.65 

Airport and road 0 0 9 644 4 0 98.02 

Bareland 0 3 73 8 435 0 83.81 

Grassland 198 96 104 0 1 1133 73.95 

Producer's accuracy 90.10 64.87 92.12 97.57 88.05 81.04 

Omission error 

Overall accuracy 65.04395962 

Kappa 0.486524667 
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Table 7: Confusion matrix of the classification results using the Optical Sentinel-2 (CART Classifier) 396

Classes Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 10226 811 155 3 17 209 89.53 

Barley 768 1980 284 0 14 152 61.91 

Uncultivated land 197 257 6908 5 84 106 91.41 

Airport and road 2 0 14 642 10 1 95.96 

Bareland 5 6 98 12 447 5 78.01 

Grassland 221 152 131 0 2 1018 66.79 

Producer's 

accuracy 
89.55 61.75 91.01 96.97 77.87 68.27 

Omission error 

Overall accuracy 85.08138882 

Kappa 0.780739147 

3.3. Improvement Accuracy of Classification 397

This study also attempted to improve the pixel-level classification results by com- 398

bining Sentinel-1 SAR data and Sentinel-2 (optical) data. Two Sentinel-1 bands were com- 399

bined with Sentinel-2 multi-spectrum image bands. The RF and CART classifiers were 400

used to process the integration of SAR data and optical data. It is clear that the Sentinel-1 401

and Sentinel-2 images together formed a more accurate product. Overall map accuracy for 402

combined Sentinel-1 and Sentinel-2 in the study area were 93.044% and 89.153 of OA and 403

0.896 and 0.8915 of Kappa, respectively, for both RF and CART classifiers (Table 8), while 404

the Sentinel-1 image alone produced the lowest results of all the analyses (72.91 and 65.04% 405

of OA and 0.58 and 049 of Kappa). When combined optical and SAR Sentinel results com- 406

pared to classification maps obtained from Sentinel-1 and Sentinel-2, these crop type maps 407

have greater overall map accuracy. All classes improved their accuracy when compared to 408

Sentinel-1 or Sentinel-2 classification separately. These improved class accuracies resulted 409

in fewer errors of both PA and UA, especially in the wheat, barley, bare land and grassland 410

class.  The highest PA is obtained for uncultivated land and airport and road (98.27% and 411

95.34%), then by airport and road (97.34% and 95.91%), wheat (96.85% and 91.92%), bare 412

land (89.15% and 88.5%), grassland (80.22% and 73.34%), and barley (72.1% and 70.43%) 413

for both (RF and CART) classifier, respectively. These increased class accuracies resulted 414

in a lower error of UA and PA, especially, in the airport and roads (Table 8 and 9). 415

416

417

418

419

420

421

422

423
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Table 8: Confusion matrix of the classification results using the SAR and Sentinel-2 (RF Classifier) 424

Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 11039 186 66 5 1 100 96.85 

Barley 688 2210 104 0 0 63 72.1 

Uncultivated land 57 43 7444 0 13 18 98.27 

Airport and road 0 1 13 659 4 0 97.34 

Bareland 0 0 50 8 477 0 89.15 

Grassland 194 74 36 0 0 1233 80.22 

Producer's accuracy 92.16 87.90 96.51 98.06 96.36 87.19 

Omission error 

Overall accuracy 93.0444606 

Kappa 0.89602126 

Table 9: Confusion matrix of the classification results using the SAR and Sentinel-2 (CART Classifier) 425

Wheat Barley 
Uncultivated 

land 

Airport 

and road 
Bareland Grassland 

 User's 

accuracy 

Wheat 11039 186 66 5 1 100 91.92 

Barley 688 2210 104 0 0 63 70.43 

Uncultivated land 57 43 7444 0 13 18 95.34 

Airport and road 0 1 13 659 4 0 95.91 

Bareland 0 0 50 8 477 0 88.5 

Grassland 194 74 36 0 0 1233 73.34 

Producer's accuracy 91.39 71.21 95.46 97.05 86.45 74.63 

omission error 

Overall accuracy 89.15356711 

Kappa 0.840511816 

4. Disscusion: 426

4.1. Sentinel-1 images: 427

The classification applied to the Sentinel-1 image demonstrates that the Sentinel-1 428

SAR data can discriminate between different crop types. A number of conditions affect the 429

backscattering of different surface covers. The ability of the microwave to detect surface 430

roughness aids in classifying different types of cop types. Figure (4) presents the analysis 431

of discrete classes by means of polarization (VV, VH) having the highest mean values in 432

airport and roads, while Grassland has the lowest mean values.  433

Polarization VH is weaker for all six classes compared to VV polarization. In the 434

boxplot will notice that VV and VH bands are much more suitable for separating wheat 435

and uncultivated land, grassland and bareland, which have a very slight ability to separate 436

wheat and barley due to their backscatters being very similar. The overall accuracy for 437

wheat and barley is 86.6% and 27%, therefore, using Sentinel-1 solely is not able to separate 438

wheat and barley properly (Table 4). The results show that the backscatter of wheat and 439

barley are very similar. When Sentinel-1 is used alone, wheat and barley have nearly iden- 440

tical backscatter information. 441
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Figure 4. Box plot that represents the backscatter coefficient values land cover classes 442

443

444

445

446

447

448

449

450

451

452

4.2. Spectral reflectance value of Sentinel-2 bands: 453

The study also can observe that some classes tend to overlap when their spectral 454

responses are relatively comparable in different wavelengths for the bands investigated in 455

the study of variation by the spectral response (surface reflectance) of each class. The best 456

situation to observe for separating classes is by using the green band to separate wheat, 457

bareland, and almost all classes. Red wavelength is also suitable for separating wheat, un- 458

cultivated land, airport, grassland, and barley, while near-red, and Red Edge are largely 459

similar in terms of wheat, barley, and grassland. 460

461

Figure 5. Wavelengths analysis by crop type class of Sentinel-2 bands 462

463
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4.3. Crop Classification: 477

For the protection and management of cereal crops, agricultural land has to be 478

monitored regularly. Additionally, the information on crop types can be utilized to assess 479

crop acreage and yield which crops are crucial for food security. The study investigated 480

the capability of the two widely accessible Sentinel-1 and Sentinel-2, to detect six crucial 481

classes (wheat, barley, uncultivated land, airport and road, bare land, and grassland) 482

across the study area. The RF and CART methods mentioned in previous studies are the 483

two best classification methods, due to their high classification accuracy (Akar & Gungor, 484

2012; Bayas et al., 2022; Delalay et al., 2019; Firas Mohammed Ali1 et al., 2015; Kaszta et al., 485

2016). Since these two types of algorithms are the best, this study used both algorithms for 486

Sentinel-1 and Sentinel-2. The study confirmed that the application of optical data and ra- 487

dar data is commonly recognized as a means to improve RF [16,17,19] and CART classifi- 488

cation [46,58]. The aforementioned findings demonstrate that the RF is more precise than 489

the CART method.  490

4.4. Improvement of Crop Classification  491

These results show that the data derived from the SAR image did not have a sig- 492

nificant impact on the classification, whereas the optical product data improved the clas- 493

sification when compared with the result of sentinel-1 (Tables 4 and 5). The OA of sentinel- 494

1A is 72.91% and 65.04%, as well as, the OA for sentinel-2 is 89.97% and 85.08%, this is 495

consistent with the results of [16–18]. The study was able to accurately map crop type, 496

especially when employing both sensors. The best accuracy was recorded for the unculti- 497

vated land, airport and residential area and wheat, while the lowest accuracy was recorded 498

for barley, and these tendencies persisted generally across sensor combinations. As noted, 499

the combination of Sentinel-1 and Sentinel-2 images improved the overall accuracy of ce- 500

real crop classification for both methods (RF, CART), when compared to the results ob- 501

tained using only optical or radar single sensitivity. It has an overall accuracy based on 502

Sentinel-1 data (72.91% and 65.043%), while Sentinel-2 data is better than Sentinel-1 radar 503

data with an overall accuracy of 88.97% and 85.081%, respectively. When utilizing the RF 504

method for optical and Radar data, 186 pixels of the wheat are categorized as barley, 66 505

pixels as uncultivated land, 5 pixels as an airport and road, 1 pixel as bare land, and 100 506

pixels as grassland. As a result, when the RF algorithm is applied, the PA for the wheat 507

region is 92.16% and the UA is 96.85%, whereas the PA for wheat is 91.39 and the UA is 508

91.92 when the CART algorithm is applied.  509

In addition, combining Sentinel-1 and Sentinel-2 images and the addition of Sen- 510

tinel-2 NDVI layer increased the overall accuracy and Kappa coefficient of classification. 511

The overall accuracy for (RF) was (93%) and Kappa coefficient (0.89) while (89.15%) overall 512

and (0.84) Kappa coefficient for (CART classifier), which are consistent with other findings 513

in different geographical areas that rely on combining optical and radar data, despite in- 514

creased visit times and enhanced spatial resolutions of Sentinel systems, which helps to 515

make it more versatile and attractive. The study concluded that a combination of Sentinel- 516

2 MSI, Sentinel-1 bands, and NDVI provides a workable alternative for routine crop cate- 517

gorization and monitoring. 518
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4.5. Limitation of the classification 519

If the classification results of the algorithms are observed, good results are ob- 520

tained, however, several misclassifications are seen when classifying classes, when classi- 521

fying wheat, 821 pixels are classified as barley, 432 pixels as uncultivated land, and 221 522

pixels as grassland Barley is characterized by a large amount of wheat, and a large part of 523

the area of Grassland is located within the airport area. Currently, this area has become a 524

protected area due to security reasons, but in previous years this area was used for wheat 525

and barley the remaining area is grown annually with grassland, so about 221 pixels are 526

classified as wheat. On the other hand, the uncultivated area covers a large part of the 527

study area, which is due to several reasons, one of which is that the government has not 528

provided any financial support and agricultural supplies to farmers in recent years. Also, 529

the Kurdistan Region Government and the central government have been very negligent 530

in selling their grain and paying them. Despite these factors, the drought in recent years 531

has also affected this situation. These factors have caused many farmers to leave their land. 532

5. Conclusion: 533

The need to provide population diversity is important as a result of the world's 534

population growth. Identifying the level of consumption and the paths to acquisition is 535

one of the key issues in future planning. In addition, meeting the demands of the farmed 536

crops in terms of fertilizer, water, and early anomaly identification is crucial. New tech- 537

nologies, such as remote sensing and the use of satellite images have essentially resolved 538

these concerns. This study used RF and CART classifiers to crop type classification using 539

fusing sentinel-1 with sentinel-2, which demonstrated that the classification accuracy of 540

the random forest algorithm is much better than that of the CART algorithm by integrating 541

the SAR and Optical data. The outcomes suggest that the classification using the RF clas- 542

sifier gains the highest OA (89.15) and CART (0.8405) classifier. Sentinel-1 SAR data are 543

also employed for discrimination of six land covers which is OA of (72) and (65) with 544

Kappa of (0.5778) and (486524). The classification based on sentinel-1 SAR data produces 545

a lower OA when compared to the classification using sentinel-2. The result also indicated 546

that the accuracy of classification employed only optical characteristics performed better 547

than using simply SAR features. Therefore, this study suggests that the method of this 548

study can be transferred to other areas. 549
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