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Article Info Abstract: In this study, rice land designated for agricultural land suitability 
indices belonging to the enterprise Yeşil Küre Farm Land with different time 
series Sentinel-2A satellite images calculated utilizing spectral vegetation index, 
which are Normalized Difference Vegetation Index and Red Edge Optimized Soil 
Adjusted Vegetation Index values by statistical comparison of the relationship 
between rice for monitoring and estimation of potential productivity is presented 
a different perspective. Firstly, according to the rice suitability assessment for the 
study area, the area of 5488.9 ha was determined to be suitable for rice cultivation 
at the S1 and S2 levels, whereas the area of 588.9 ha was determined to be 
unsuitable. In this study, it was determined that the most successful results for 
each land conformity class were obtained using the NDVI. In particular, it was 
determined that August received the highest r2 value (NDVI; 0.8580 and RE-
OSAVI; 0.8465) in both vegetation index models at the S1 level, and on the other 
hand, a higher r2 value was obtained with NDVI. 
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1. Introduction  

Soil is a limited and non-renewable natural resource for the needs of the increasing human 
population, as well as being the main element in meeting the nutritional and shelter needs of the 
terrestrial ecosystem (Blum, 2006). As a matter of fact, it is predicted that the world population will 
grow by 19.7% until 2050 and reach 9.6 billion. The increase in the world population and the increase 
in the demand for food that it will bring with it causes the intensification of agricultural activities and 
an increase in the pressure on the limited land resources (FAO, 2009; Liniger, et al., 2011; Dumanski 
and Peiretti, 2013). Therefore, food security, demand for energy and water, climate change, and 
biodiversity in relation to sustainable land use are among the important global problems of the 21st 
century (Lal, 2008; 2009; Jones, et al., 2009; Lichtfouse, et al., 2009). The continuity of the functionality 
of the ecosystem depends on using the soil in the best way to get high productivity (Lal, 2009; Walter 
and Stützel, 2009). 

 Determination of soil quality is the basis of common and reliable approaches in the evaluation 
of soil fertility (Mueller et al., 2010; Ahmed et al., 2016; Xue et al., 2019; Dengiz, 2020). Soil quality 
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is defined as the capacity of soil to perform its functions within the boundaries of natural or managed 
ecosystems (Larson and Pierce, 1991; Doran and Parkin, 1994; Karlen, et al., 1997). Soil quality, like 
air and water, has a profound impact on the health and productivity of a particular ecosystem and its 
associated environments. Soil fertility is also the basic elements of a high input-based agricultural 
production system. For this reason, it is essential to evaluate soil fertility with parametric approaches in 
a periodic process (Rogowski and Wolf, 1994; Dengiz and Sağlam, 2012; Askari et al., 2015).  

Today, Geographic Information Systems (GIS) and Remote Sensing (RS) technologies are 
useful tools used in similar monitoring issues encountered in the agricultural sector. Saving time and 
providing reliable, cost-effective, and repetitive information are among the advantages of GIS and UA 
to the agricultural sector. GIS and UA technologies are used in many areas, such as monitoring plant 
development process, evaluation of soil quality, crop yield estimation, and spatial analysis required in 
modern agriculture. As a matter of fact, the use of visible near infrared (VNIR) spectroscopy and GIS 
technologies in the evaluation of soil fertility by integrating agricultural practices and expert opinions 
makes it practical and economical to monitor agricultural areas locally (Moran, et al., 1996; Malczewski, 
2006; Vohland, et al., 2014; Askari, et al., 2015). For this purpose, spectral reflections at different 
wavelengths obtained from earth observation satellites have been used to determine measurable plant 
vegetation characteristics such as plant biomass and active photosynthetic radiation since the launch of 
the Landsat-1 satellite in 1972 and to monitor the phenological changes of plants (Jackson, 1986). 
However, developing spectral sensors and band combination techniques have brought along the concept 
of vegetation index and have been widely used in the evaluation of cultivars grown in large-scale areas 
(Shou, et al., 2007; Jia, et al., 2011; Savasli, et al., 2021). It is known that especially the red (Red), red 
edge (Red-Edge), and near infrared (NIR) bands of the electromagnetic spectrum play an active role in 
monitoring the agricultural ecosystem (Liu, et al., 2004). Indeed, the relevant spectral regions are closely 
related to plant biophysical variables (height, density, and percentage of coverage), and it is known that 
the ratio of near-infrared bands to red edge spectral bands provides a high correlation with crop 
development in different growth periods. Today, many spectral indices, defined as unitless radiometric 
measurements, have been developed to obtain information about the biophysical properties of green 
leafy plants. The working principle of vegetation indices is basically based on the presence of 
chlorophyll, which is directly related to green leaf area and plant biomass and its response to 
biotic/abiotic factors (Kokaly and Clark, 1999; Li, et al., 2015). For this purpose, Normalized Difference 
Vegetation Index (NDVI), Effective Leaf Area Index, Chlorophyll Absorption Index at Modified 
Reflection Rate (Red-Edge Modified Chlorophyll Absorption in Reflectance Index), Red Edge 
Optimized Soildable Vegetation Index Red-Edge Optimized Soil Adjusted Vegetation Index, Green 
Normalized Difference Vegetation Index, Green Normalized Difference Vegetation, Health Index and 
Leaf Area Index are used (Fitzgerald, et al., 2010; Bagheri, et al., 2012; Wójtowicz, et al., 2016; Demir 
and Başayiğit, 2021 ). However, while studies have shown that vegetation indices derived from multi-
spectral satellite images give successful results in early yield estimations, similar spectral index 
approaches that can directly evaluate the yield potential of soils could not evolve with a pragmatic model 
due to the complex nature of soils (Barnes et al., 2000). For this reason, the vegetation indices of the 
plants grown in agricultural lands and the biomass ratios determined at varying levels provide an indirect 
benefit to the researchers in the evaluation of soil fertility. In this way, the productivity of the soil where 
strategically important crops based on crop yield are grown under an agricultural management can be 
estimated experimentally (Gupta, et al., 2003; Zand and Matinfar, 2012; Mezera, et al., 2017; Sharabiani, 
et al., 2019). As a matter of fact, the factors affecting plant spectral reflections and indices values may 
be due to differences in management practices, as well as related to soil fertility (Zhou, et al., 2018; 
Dedeoğlu, et al., 2020). With this study, it is aimed to establish the land suitability classes of rice lands 
of Yeşil Küre Agricultural Enterprise and to reveal the relationship between NDVI and RE-OSAVI 
vegetation index values produced from Sentinel-2A satellite images with different time series and rice 
land suitability classes.  

2. Material and Methods  

Yeşil Küre Agricultural Enterprise (Center) is located at the 40th km on the Samsun-Bafra 
highway and is between 249000-254000 East and 4599200 - 4602400 North (WGS84, Zone 37, UTM-
m) coordinates. Total land asset is 9239.8 da. Düden, which is the other part of the operation area where 
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the Black Sea is located in the east, Bünyan Mountain in the south, and the Bafra Plain in the west and 
north, is adjacent to the western shore of Balık Lake in the Kızılırmak Delta. 

 

 

Figure 1. Location map of Yeşil Küre agricultural enterprise. 

The height of the operation lands (Center and Düden) above sea level varies between 5 and 74 
m. While the northwest and southeast parts of the land are areas where moderately steep and steep slopes 
are distributed in terms of slope, generally, the middle and northwest parts of the land constitute areas 
with 0-4%, nearly flat and mild slopes (Figure 2). 

 

    
Figure 2. Elevation and slope map of the study area. 

The widest coastal plains of the Black Sea Region are Çarşamba and Bafra plains. Yeşil Küre 
Agricultural Enterprise is also located on the Bafra Plain. The Black Sea climate, which is rainy in all 
seasons, cool in summers and warm in winters, is active on the coastline of the Black Sea Region. This 
effect of the climate extends to the inner parts depending on the landforms in the Central Black Sea 
Region. The annual average temperature of Yeşil Küre Agricultural Enterprise was 14.3˚C, the highest 
average air temperature was 18˚C and the lowest average temperature was 10.7˚C. The annual 
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precipitation average of the enterprise is around 710.0 mm. Snowfall in this region is less and does not 
last long. Snow does not stay for long in the coastal part. The coldest months in Bafra district are January, 
February and the hottest month is August. 

The Bafra Plain, where the Yeşil Küre Agricultural Enterprise lands are located, is a wide delta 
plain formed by the rich alluvial soils brought by the Kızılırmak river. Bafra Plain is the largest plain of 
the Black Sea Region. Kızılırmak has formed many lakes near the sea. The area where the Agricultural 
Enterprise is located is covered by new Holocene alluvial deposits. In the central enterprise, there are 
high lands that emerged as a result of the erosion of these alluviums and carrying the eroded material 
(MTA, 1974). In addition, another series was added to the soil profiles in the updated study carried out 
in 2021 for the series classified as vertisol, mollisol, and entisol in the soil mapping study of the area 
carried out in 2005 by the General Directorate of Agricultural Enterprises, and the Yörükler series, 
which was classified as mollisol, was included in the entisol order due to losing its mollic feature as a 
result of intensive agricultural applications. (Figure 3). 

 

 
Figure 3. Updated soil map of the study area. 

Almost all of the central part of the study area, called "Hara", has been cultured. Corn, wheat, 
alfalfa, and garlic are grown extensively. In addition, hazelnut and blackberry are planted. Rice farming 
is carried out in the farm area called Düden, located around Balık Lake in the Bafra delta. There are also 
oak, pine, poplar, maple, and elm trees, as well as ash, which are naturally found among dense rice 
fields. In Düden, natural living conditions prevail in the lower parts of the sea, where rice farming is not 
done. These regions are used as seasonal pastures by the local people. However, in periods when the 
rainfall is not heavy, cattle can be found in this region for grazing and sheltering. 

Table 1. Characteristics of the Sentinel-2 satellite sensor 
Band Name Wavelength (nm) Band width (nm) Spatial Resolution (m) 

B1 Coastal Aerosol 443 20 60 
B2 Blue 490 65 10 
B3 Green 560 35 10 
B4 Red 665 30 10 
B5 Vegetation Red-Edge 705 15 20 
B6 Vegetation Red-Edge 740 15 20 
B7 Vegetation Red-Edge 783 20 20 
B8 Infrared 842 115 10 
B8A Vegetation Red-Edge 865 20 20 
B9 Water vapor 945 20 60 
B10 Cirrus 1380 30 60 
B11  SWIR1 1610 90 20 
B12 SWIR2 2190 180 20 
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In this study, a total of 4 Sentinel-2 satellites images (with WGS84 datum) dated May, June, 
July and August 2021 of the Yeşil Küre Agricultural Enterprise lands on which various cultural plants 
are grown were used (Figure 4). Satellite images were obtained from the United States Geological 
Survey (USGS) open access center (https://earthexplorer.usgs.gov/). Multispectral Sentinel-2 satellite 
images have a spatial resolution of 10 m in 4 bands, 20 m in 6 bands, and 60 m in the other 3 bands 
(Table 1). 

 
Figure 4. Sentenal-2 satellite images of different months. 

2.1. Method 

2.1.1. Creation of rice land suitability classes and index values 

Soil series and their important phases were used as the mapping unit in the creation of the 
1:25,000 scale basic soil map of the Yeşil Küre Agricultural Enterprise. Soil Survey Staff (1962) and 
Özbek et al., (1974) were used to classify important criteria such as depth, slope, salinity, alkalinity, 
drainage, and stoniness observed in the separation of soils into phases. Then, these criteria of the study 
area and topographic data were used to create the rice land suitability classes and index values. The 
determination of rice land suitability index values in terms of topographic and soil physico-chemical 
criteria has been handled by many researchers (FAO, 1983 and 1985; Sys et al., 1993; Yamada et al., 
1995; Sönmez, 2003; Özcan, 2004; Mongkolsawat et al., 2002; Dengiz, 2013). These criteria used to 
determine the rice land suitability indices were obtained by multiplying the quality index value (SQI) 
(Equation 1) of the rice land soils belonging to each soil series with the nutrient availability index value 
(NAI) (Equation 2) and (Equation 3). 

 

SQI:	R ∗ T ∗ D ∗ F ∗ Y ∗ P ∗ G ∗ 	S ∗ K ∗ H (1) 

R: Drainage, T: Texture, D: Depth, T: Topography, Y: Surface stony, P: Cream layer, G: Hydraulic 
conductivity, S: Salinity, K: Lime, H: Soil reaction. 
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NAI = 	N ∗ 	P ∗ 	K ∗ 	Zn (2) 

NAI: Nutrient availability index. 
 

LSC = 	NAI	SQI (3) 

LSC: Land suitability class, NAI: Nutrient availability index, SQI*: Soil quality index. 

Table 2. Rice suitability classes and index values 

Statement Suitability Classes Index Value 
Very suitable S1 1.00-0.250 
Moderate Suitable S2 0.250-0.100 
Low Suitable S3 0.100-0.025 
Not Suitable N < 0.025 

2.1.2. Vegetation indexes 

In this study, the vegetation indices of NDVI and RE-OSAVI, which are chlorophyll sensitive 
indices, were applied on the different time series Sentinel-2 satellite images of the rice fields of the Yeşil 
Küre Agricultural Enterprise by using the SNAP 8.0 tool and ArcGIS 10.7 environment. Information on 
both indexes is presented below. 

2.1.2.1. Normalized difference vegetation index (NDVI) 

There are many methods used in the identification of herbal product phenology. NDVI is the 
most widely used among these methods (Matton, et al., 2015). There have been many studies 
emphasizing the importance (Pettorelli et al., 2005a) of the role of satellite images in ecology, especially 
on the Normalized Difference Vegetation Index (NDVI) (Kerr and Ostrovsky, 2003; Damian, et al., 
2019; Vorobiova and Chernov, 2017). As a matter of fact, Sahararini, et al. (2020) reported that the 
NDVI algorithm can be used as a base for processes such as image processing in Sentinel-2 satellite 
data, determination of rice phenology, estimation of rice harvest time. NDVI is used by many national 
and international organizations in many countries as an indicator of product yield. NDVI provides 
information with values ranging from -1 to +1 on subjects such as the spatial and temporal distribution 
of plant communities, plant biomass, CO2 flows, pasture quality, and land degradation in various 
ecosystems (Salinas-Zavala et al., 2002; Al-Bakri et al., 2004; Pettorelli et al., 2005; Jiang et al., 2021).  

NDVI values approaching -1 on the specified scale correspond to water bodies, while values 
approaching 0 indicate the presence of bare lands, rocky areas, sand, snow, or residential areas. NDVI 
values ranging from 0.2 to 0.4 correspond to bush or pasture areas, while this value approaching +1 
indicates the presence of temperate regions, tropical rainforests, or areas with healthy and dense 
vegetation. With NDVI, it helps users in subjects such as the absorption of red wavelength energy within 
the visible region on the electromagnetic spectrum by the chlorophyll of the plant and the reflection of 
infrared (IR) energy by the plant cell structure, determination of biomass, and monitoring of changes in 
product development and production. By using NDVI in different time series satellite images, different 
growth periods of the plant, such as tillering, rooting, and harvesting, can be observed (Hufkens et al., 
2019). In the Sentinel-2 satellite image, NDVI is calculated by using the red (B4) and infrared (B8) 
bands (Equation 4). The NDVI class values used in the estimation of the amount of product to be 
obtained from rice plants are given in Table 3. 

 

NDVI =
NIR − RED
NIR + RED (4) 
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Table 3. NDVI values used in the definition of rice phenology (Pradipta, 2012). 

NDVI values Vegetation density Age of Rice Plant (number of weeks after 
planting) 

-0.096-0.036 No vegetation/bare/water <3 
0.036-0.240 Very low 3 - 4 
0.240-0.456 low 4-6 
0.456-0.652 Middle 6-8 
0.652-0.884 high 8-13 

2.1.2.2. Rededge optimized soil adjusted vegetation index (RE-OSAVI) 

RE-OSAVI is an updated version of the Soil Vegetation Index (SAVI) family developed by 
Rondeaux et, al., (1996). The Optimized SAVI (OSAVI) model (RE-OSAVI) has been updated with the 
addition of the red edge (705 nm) band instead of the red band (670 nm) to minimize the effect of the 
submass on the red wavelength spectral reflections and make it more sensitive to the green field. It has 
been reported that this index can be used especially in periods when the vegetation density of plants is 
low (Wu et al., 2008). RE-OSAVI is calculated using the following formula (Equation 5). 

 
RE − OSAVI = (1 + 0.16) ×	[(NIR − REdge)/(NIR + REdge + 0.16)] (5) 

 
Vegetation indices (NDVI, RE-OSAVI) were calculated using the ESA-SNAP 8.0 tool in 

Sentinel-2 satellite images of the rice fields of the Yeşi Küre Farm Land. 

2.1.3. Production of thematic maps and spatial statistical analysis in GIS environment 

NDVI and RE-OSAVI vegetation index values were derived from each satellite image on a pixel 
basis, and maximum (S1), average (S2, N), and minimum (S3) NDVI and RE-OSAVI values were 
obtained for each rice suitability class. Thus, index values representing each parcel belonging to different 
rice land suitability classes were created. ArcGIS 10.7v was developed by ESRI (2010), for this purpose. 
Using the Zonal Statistics tool in the Spatial Analysis extension of the software, the index values 
reserved for different plots were extracted and transferred to MS Excel. Then, all indices’ values were 
statistically compared with rice land suitability index (LSI) values, and regression relations (r2) were 
determined. 

3. Results and Discussion 

3.1. Distribution of rice suitable areas 

The areal and proportional distributions of rice suitability classes in the study area are given in 
Table 4, and its map is given in Figure 5. It was determined that 7205.5 da area, which is more than half 
of the study area (69.6%), is suitable for rice cultivation (S1 and S2), while 588.9 decares, which 
corresponds to 7.8% of the area, were found to be unsuitable for rice cultivation. In addition, depending 
on the limiting factor (slope, soil depth, texture, etc.) and grade of rice cultivation, less suitable (S3) 
classes cover 23.0% of the area. 

Table 4. Spatial-proportional distributions of rice suitability classes 
Statement Suitability Classes Area (da) Ratio (%) 

Suitable S1 2964.4 37.6 
Moderate Suitable S2 2524.5 32.0 
Low Suitable S3 1816.3 23.0 
Not Suitable   N 588.9 7.4 
Total - 7894.1 100.0 

Areas that are not suitable for rice cultivation in the study area are generally the K12 and K11 
mapping units of the Karaköy series, located in the northwest of the study area, and the B7, B8, B9, and 
B11 mapping units of the Kalaba series, which are distributed in the southeastern parts of the study area, 
especially the height and elevation in the slope grade. It has been determined that unsuitable areas are 
formed due to factors such as soil shallowness. 
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Figure 5. Rice suitability distribution map of the study area. 

3.2. The relationship between rice suitability classes and vegetation indices 

The land suitability index values for each land suitability class (S1, S2, S3, and N) of the rice 
fields obtained from the satellite images during May, June, July, and August dated May, June, July, and 
August of 2021, and the land suitability index values of the Sentinel-2A satellite images with different 
time series. The NDVI values and the r2 values between which the statistical relationship was established 
are given in Table 5 and Figure 6, respectively. When the statistical relationship between the NDVI 
values obtained from the satellite image of May and the rice suitability index classes (S1, S2, S3, and 
N) is examined, the r2 values are 0.7583, 0.8878, 0.8212, and 0.992, respectively; The r2 values of the 
statistical relationship between the NDVI values obtained from the satellite image of June and the rice 
suitability index classes (S1, S2, S3, and N) were determined as 0.795, 0.873, 0.4725 and 0.9274, 
respectively. 

In addition, the r2 values of the statistical relationship between the NDVI values obtained from 
the July satellite image and the rice suitability index classes (S1, S2, S3, and N) were determined as 
0.8396, 0.8833, 0.8879, and 0.9135, respectively, and finally, obtained from the August satellite image. 
When the statistical relationship between the obtained NDVI values and the rice suitability index classes 
(S1, S2, S3, and N) was examined, the r2 values were found to be 0.858, 0.898, 0.8394, and 0.8924, 
respectively. 

It should not be ignored that data variability may be caused by different cultural practices 
(fertilization, irrigation, soil cultivation, hoeing, etc.), such as the r2 values of which the statistical 
relationship between the individual NDVI values of the land suitability classes and the ones belonging 
to the S3 suitability class are higher than the r2 values of the S1 suitability class. (Dedeoğlu, et al., 
2020). 
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Table 5. Each land suitability index values of rice fields and NDVI values of Sentinel-2A satellite images 
with different time series 

Mapping Unit Land Suitability 
Index 

Land 
Suitability 

Class 

NDVI Values 
18.05.2021 
Sentinel-2A 

07.06.2021 
Sentinel-2A 

17.07.2021 
Sentinel-2A 

06.08.2021 
Sentinel-2A 

B11 0.02 N 0.6305 0.3091 0.2132 0.1530 
B7 0.02 N 0.7319 0.5377 0.5690 0.4742 
B8 0.016 N 0.6916 0.2862 0.4149 0.4987 
B9 0.02 N 0.7359 0.7263 0.3275 0.3910 
K11 0.016 N 0.5512 0.4934 0.3717 0.4185 
K12 0.02 N 0.7368 0.5280 0.5277 0.4237 
YOL -- -- -- -- -- -- 
A1 0.4 S1 0.8119 0.8233 0.8135 0.8203 
Ba.2 0.32 S1 0.7416 0.7217 0.6324 0.5041 
Ba.4-A4 1 S1 0.6086 0.6348 0.7634 0.8094 
Ba3 0.64 S1 0.8059 0.7391 0.6923 0.7842 
E2 0.64 S1 0.5477 0.5507 0.6835 0.7711 
E4-Y3 1 S1 0.7583 0.7677 0.7614 0.7795 
E5 0.64 S1 0.7501 0.7662 0.7530 0.7753 
K10 0.256 S1 0.7043 0.7114 0.8114 0.8093 
K3 0.256 S1 0.7723 0.8009 0.8109 0.8050 
K3 0.625 S1 0.7828 0.7541 0.8081 0.8037 
K6 0.4 S1 0.8459 0.8108 0.7922 0.7317 
K7 0.32 S1 0.7860 0.7860 0.7455 0.7968 
K8 0.5 S1 0.7195 0.7766 0.7615 0.7950 
K8 0.5 S1 0.8282 0.8011 0.7897 0.8043 
K9 0.512 S1 0.8277 0.7542 0.7146 0.7198 
Y1-E1 0.25 S1 0.8435 0.8053 0.7691 0.7305 
Y2 0.4 S1 0.8481 0.8136 0.7547 0.7351 
Y4-A3 0.205 S2 0.2462 0.3331 0.5227 0.6367 
Y5 0.16 S2 0.4133 0.3386 0.2319 0.2064 
A2 0.18 S2 0.6273 0.4220 0.2983 0.2493 
A4 0.2 S2 0.5202 0.2388 0.5191 0.6134 
A4 0.16 S2 0.7707 0.5536 0.2460 0.3673 
A4 0.18 S2 0.7244 0.7342 0.2395 0.3238 
B10 0.22 S2 0.7302 0.6552 0.1863 0.3435 
B5-B9 0.16 S2 0.6897 0.5321 0.3012 0.3566 
B6 0.25 S2 0.6195 0.5511 0.3192 0.3295 
Ba.1 0.18 S2 0.7500 0.7136 0.1442 0.3505 
Ba.4 0.2 S2 0.5989 0.5520 0.3741 0.4768 
E3 0.14 S2 0.7540 0.7198 0.1325 0.4039 
E3 0.25 S2 0.5630 0.5738 0.3178 0.3148 
K2 0.128 S2 0.7534 0.7182 0.1519 0.3046 
K2 0.1 S3 0.1545 0.1746 0.2079 0.1565 
K2 0.08 S3 0.1216 0.1179 0.0786 0.0579 
B1 0.08 S3 0.1430 0.1403 0.1470 0.1236 
B2 0.054 S3 0.1237 0.1312 0.1880 0.1586 
B3 0.042 S3 0.1402 0.1308 0.1027 0.1011 
K1 0.05 S3 -0.0218 -0.2451 0.1350 0.1657 
O1 0.051 S3 0.1344 0.1119 0.1129 0.1728 
O2 0.09 S3 0.1067 0.1851 0.1123 0.1321 
B12 0.05 S3 0.1492 0.1322 0.0876 0.0906 

A*: Alaylı, B*: Kalaba, E*: Elifli, K*: Karaköy, O*: Osmanbeyli, Y*: Yörükler. 
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Figure 6. r2 values of each land suitability index value of rice fields and NDVI values obtained from 
Sentinel-2A satellite images with different time series. 

The r2 values, in which the statistical relationship is established between the NDVI values 
obtained from the May, June, July, and August satellite images of the Yeşil Küre Farm Land Enterprise, 
dated 2021, without evaluating the land suitability classes (S1, S2, S3, and N) separately, are shown in 
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Figure 7 and Table 6, respectively. In the evaluation of the statistical relationship between the land 
suitability classes (S1, S2, S3, and N) and the NDVI values without evaluating them separately, the r2 
values for July and August, which were determined to be high, were determined as 0.5707 and 0.6321, 
respectively, according to the r2 results discussed. According to the r2 results, which were considered in 
the evaluation of the statistical relationship between the NDVI values without evaluating the land 
suitability classes (S1, S2, S3, and N) separately, the r2 values for the months of May and June, which 
were determined as low, were determined as 0.3341 and 0.4297, respectively. 

 

 

Figure 7. Land suitability index values of rice fields and r2 values of NDVI values obtained from 
Sentinel-2A satellite images with different time series. 

The highest r2 values for NDVI were obtained in satellite images of July and August. This 
situation was associated with the fact that the plant vegetation density of the rice fields reached its 
maximum value within a month from mid-July. The high NDVI values of the July and August satellite 
images may also be associated with the shade forming feature of the rice plant (structural or vegetation 
cover percentage). The abundance of the stem and leaves of the rice plant reduces the reflectance effects 
of the plant substrate, and thus the enhanced vegetation of the rice allows more reliable estimates of the 
NDVI reflectance values, an index based on slope (Panda et al., 2010; Mirasi et al., 2019). As a matter 
of fact, Verhulst et al. (2009) reported that NDVI vegetation indices have a strong correlation with plant 
physiological parameters, crop yield and biomass. 

The lowest r2 values for NDVI were obtained in satellite images of May and June. In this period 
(May-June), the rice plant is in tillering period and tillering is one of the basic rice growth stages that 
determines the final yield. During the first six months after the start of the rice season (until the end of 
June), it is known that there is almost no correlation between the spectral reflectance values and the AUI 
values, considering the short height of the rice plant and the fact that it is a plant that grows constantly 
under water (Franch et al., 2021). This is considered as an important reason why the relationship between 
NDVI values and AUI values of satellite images in May and June is lower than in July and August. 
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Table 6. Land suitability index values of rice lands of Yeşil Küre Agricultural Enterprise and NDVI 
values of different time series satellite images 

Mapping Unit 
Land Suitability 

Index 

NDVI Values 
18.05.2021 

Sentinel-2A 
07.06.2021 

Sentinel-2A 
17.07.2021 

Sentinel-2A 
06.08.2021 

Sentinel-2A 
B11 0.02 0.6305 0.3091 0.2132 0.1530 
B7 0.02 0.7319 0.5377 0.5690 0.4742 
B8 0.016 0.6916 0.2862 0.4149 0.4987 
B9 0.02 0.7359 0.7263 0.3275 0.3910 
K11 0.016 0.5512 0.4934 0.3717 0.4185 
K12 0.02 0.7368 0.5280 0.5277 0.4237 
YOL -- -- -- -- -- 
A1 0.4 0.8119 0.8233 0.8135 0.8203 
Ba.2 0.32 0.7416 0.7217 0.6324 0.5041 
Ba.4-A4 1 0.6086 0.6348 0.7634 0.8094 
Ba3 0.64 0.8059 0.7391 0.6923 0.7842 
E2 0.64 0.5477 0.5507 0.6835 0.7711 
E4-Y3 1 0.7583 0.7677 0.7614 0.7795 
E5 0.64 0.7501 0.7662 0.7530 0.7753 
K10 0.256 0.7043 0.7114 0.8114 0.8093 
K3 0.256 0.7723 0.8009 0.8109 0.8050 
K3 0.625 0.7828 0.7541 0.8081 0.8037 
K6 0.4 0.8459 0.8108 0.7922 0.7317 
K7 0.32 0.7860 0.7860 0.7455 0.7968 
K8 0.5 0.7195 0.7766 0.7615 0.7950 
K8 0.5 0.8282 0.8011 0.7897 0.8043 
K9 0.512 0.8277 0.7542 0.7146 0.7198 
Y1-E1 0.25 0.8435 0.8053 0.7691 0.7305 
Y2 0.4 0.8481 0.8136 0.7547 0.7351 
Y4-A3 0.205 0.2462 0.3331 0.5227 0.6367 
Y5 0.16 0.4133 0.3386 0.2319 0.2064 
A2 0.18 0.6273 0.4220 0.2983 0.2493 
A4 0.2 0.5202 0.2388 0.5191 0.6134 
A4 0.16 0.7707 0.5536 0.2460 0.3673 
A4 0.18 0.7244 0.7342 0.2395 0.3238 
B10 0.22 0.7302 0.6552 0.1863 0.3435 
B5-B9 0.16 0.6897 0.5321 0.3012 0.3566 
B6 0.25 0.6195 0.5511 0.3192 0.3295 
Ba.1 0.18 0.7500 0.7136 0.1442 0.3505 
Ba.4-A4 0.2 0.5989 0.5520 0.3741 0.4768 
E3 0.14 0.7540 0.7198 0.1325 0.4039 
E3 0.25 0.5630 0.5738 0.3178 0.3148 
K2 0.128 0.7534 0.7182 0.1519 0.3046 
K2 0.1 0.1545 0.1746 0.2079 0.1565 
K2 0.08 0.1216 0.1179 0.0786 0.0579 
B1 0.08 0.1430 0.1403 0.1470 0.1236 
B2 0.054 0.1237 0.1312 0.1880 0.1586 
B3 0.042 0.1402 0.1308 0.1027 0.1011 
K1 0.05 -0.0218 -0.2451 0.1350 0.1657 
O1 0.051 0.1344 0.1119 0.1129 0.1728 
O 0.09 0.1067 0.1851 0.1123 0.1321 
B 0.05 0.1492 0.1322 0.0876 0.0906 

A*: Alaylı, B*: Kalaba, E*: Elifli, K*: Karaköy, O*: Osmanbeyli, Y*: Yörükler. 

RE-OSAVI is a plant index that functions with the Red-Edge spectral reflectance band, which 
is stated to be able to reduce the spectral reflectance values of plants and the substrate reflection effects 
(Feng et al., 2014), and has a widespread and reliable use in the determination of plant biomass 
(Fitzgerald et al. et al., 2010). There is a strong correlation between RE-OSAVI and plant chlorophyll 
content, and the RE-OSAVI index is used in plant yield potential estimation studies (Huang et al., 2017). 

The land suitability index values for each land suitability class (S1, S2, S3, and N) of the rice 
fields obtained from the satellite images of May, June, July, and August dated May, June, July, and 
August 2021 of Yeşil Küre Agricultural Enterprise and different time series Sentinel-2A satellite images 
were obtained. The RE-OSAVI values obtained and the r2 values with which the statistical relationship 
was established are given in Table 7 and Figure 8, respectively. When the statistical relationship between 
the RE-OSAVI values obtained from the satellite image of May and the rice suitability index classes 
(S1, S2, S3, and N) was examined, the r2 values were found to be 0.7167, 0.9135, 0.0265 and 0.9877, 
respectively, while the RE-OSAVI values obtained from the satellite image of June were examined. - 
The r2 values determined as a result of the statistical relationship between the OSAVI values and the 
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rice suitability index classes (S1, S2, S3, and N) were determined to be 0.795, 0.873, 0.4725, and 0.9274, 
respectively. 

In addition, the r2 values obtained as a result of the statistical relationship between the RE-
OSAVI values obtained from the satellite image of July and the rice suitability index classes (S1, S2, 
S3, and N) were 0.8465, 0.915, 0.789, and 0.8872, respectively. When the statistical relationship 
between the RE-OSAVI values obtained from the satellite image of the rice plant and the rice suitability 
index classes (S1, S2, S3, and N) was examined, the r2 values were determined as 0.8162, 0.8907, 0.7987 
and 0.9166, respectively. 

Table 7. Each land suitability index values of rice fields and RE-OSAVI values of Sentinel-2A satellite 
images with different time series 

Mapping Unit Land Suitability 
Index 

Land Suitability 
Class 

RE-OSAVI Values 
18.05.2021 

Sentinel-2A 
07.06.2021 

Sentinel-2A 
17.07.2021 

Sentinel-2A 
06.08.2021 

Sentinel-2A 
B11 0.02 N 0.5221 0.2285 0.1982 0.1449 
B7 0.02 N 0.6483 0.4863 0.5277 0.4361 
B8 0.016 N 0.6105 0.2657 0.3853 0.4832 
B9 0.02 N 0.6705 0.6843 0.3060 0.3644 
K11 0.016 N 0.4682 0.3984 0.3331 0.3746 
K12 0.02 N 0.6448 0.4629 0.4619 0.3645 
YOL -- -- -- -- -- -- 
A1 0.4 S1 0.7384 0.7729 0.7637 0.8375 
Ba.2 0.32 S1 0.6684 0.6188 0.6092 0.4404 
Ba.4-A4 1 S1 0.5071 0.5591 0.7191 0.8104 
Ba3 0.64 S1 0.7445 0.6640 0.6096 0.8017 
E2 0.64 S1 0.4385 0.4156 0.5915 0.7111 
E4-Y3 1 S1 0.5760 0.6352 0.6285 0.7441 
E5 0.64 S1 0.5945 0.6507 0.6071 0.7379 
K10 0.256 S1 0.6130 0.5823 0.7785 0.8278 
K3 0.256 S1 0.7377 0.7229 0.7868 0.8221 
K3 0.625 S1 0.7234 0.6704 0.7734 0.8124 
K6 0.4 S1 0.8327 0.7623 0.7033 0.7180 
K7 0.32 S1 0.6841 0.7069 0.7229 0.8297 
K8 0.5 S1 0.5838 0.7057 0.7466 0.8138 
K8 0.5 S1 0.8099 0.7644 0.7675 0.8231 
K9 0.512 S1 0.7576 0.6745 0.6849 0.6458 
Y1-E1 0.25 S1 0.8308 0.7586 0.7459 0.7176 
Y2 0.4 S1 0.8379 0.7521 0.6801 0.7212 
Y4-A3 0.205 S2 0.2286 0.2368 0.4463 0.5875 
Y5 0.16 S2 0.3517 0.2639 0.1922 0.2002 
A2 0.18 S2 0.5489 0.3448 0.2783 0.2354 
A4 0.2 S2 0.4573 0.1898 0.4607 0.5657 
A4 0.16 S2 0.7066 0.5228 0.2296 0.3397 
A4 0.18 S2 0.6465 0.6719 0.2332 0.3003 
B10 0.22 S2 0.6243 0.5178 0.1776 0.3186 
B5-B9 0.16 S2 0.5771 0.4203 0.2798 0.3265 
B6 0.25 S2 0.5282 0.4482 0.2896 0.3067 
Ba.1 0.18 S2 0.6251 0.5459 0.1576 0.3322 
Ba.4-A4 0.2 S2 0.5132 0.4543 0.3497 0.4378 
E3 0.14 S2 0.6186 0.5460 0.1361 0.3606 
E3 0.25 S2 0.4915 0.4749 0.2878 0.2954 
K2 0.128 S2 0.6493 0.5729 0.1495 0.2804 
K2 0.1 S3 0.1098 0.1679 0.1781 0.1727 
K2 0.08 S3 -0.0444 0.1081 0.1303 0.1106 
B1 0.08 S3 0.1252 0.1149 0.1291 0.1524 
B2 0.054 S3 -0.0394 -0.0505 0.1930 0.1510 
B3 0.042 S3 0.1322 0.0605 0.0972 0.1057 
K1 0.05 S3 -0.0917 -0.3849 0.0779 0.1583 
O1 0.051 S3 0.0991 0.0773 0.1214 0.1965 
O2 0.09 S3 0.0479 0.0108 0.0840 0.1268 
B12 0.05 S3 0.1393 0.1171 0.0863 0.0803 

A*: Alaylı, B*: Kalaba, E*: Elifli, K*: Karaköy, O*: Osmanbeyli, Y*: Yörükler. 
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Figure 8. The r2 values of each land suitability index value of rice fields and RE-OSAVI values 
obtained from Sentinel-2A satellite images with different time series. 
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It is thought that the low results of RE-OSAVI values in May and June are due to the fact that 
this index was calculated to represent the soil series instead of establishing a relationship with the rice 
land suitability index values. It is also predicted that the effects of climatic and atmospheric conditions 
may have reduced the vegetation index prediction values. Such problems show the fragile side of using 
remote sensing for agricultural purposes, especially when the database is limited. For this reason, it is 
predicted that in future similar studies with spectral vegetation indices, more successful results will be 
obtained when soil series and reference plant plots of similar size are used (Dedeoğlu et al., 2020). 

The r2 values, in which the statistical relationship is established between the RE-OSAVI values 
obtained from the satellite images of May, June, July, and August of 2021 dated May, June, July, and 
August belonging to the Yeşil Küre Farm Land and the land suitability classes (S1, S2, S3, and N) 
without evaluating them separately, are shown in Figure 9, respectively, and are given in Table 8. 
According to the r2 results considered in the statistical evaluation between the RE-OSAVI values without 
evaluating the land suitability classes separately, the relationship between the RE-OSAVI values 
obtained from the satellite images of July and August, which were determined to be high, and the 
suitability index classes (S1, S2, S3, and N). The r2 values were determined as 0.5732 and 0.6508, 
respectively. According to the r2 results, in which the statistical relationship between the land suitability 
classes (S1, S2, S3, and N) and the RE-OSAVI values was evaluated without evaluating them separately, 
the r2 values for the months of May and June, which were determined to be low, were determined as 
0.3433 and 0.4012, respectively. According to these results, it was seen that the use of RE-OSAVI index 
of rice plants in late vegetation periods is suitable for estimating soil fertility potential, but not in early 
vegetation periods. 

 

 

Figure 9. Land suitability index values of rice fields and r2 values of RE-OSAVI values obtained from 
Sentinel-2A satellite images with different time series 
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Table 8. Land suitability index values of rice fields and RE-OSAVI values of different time series 
satellite images 

Mapping Unit Land Suitability 
Index 

RE-OSAVI Values 
18.05.2021 

Sentinel-2A 
07.06.2021 

Sentinel-2A 
17.07.2021 

Sentinel-2A 
06.08.2021 

Sentinel-2A 
B11 0.02 0.5221 0.2285 0.1982 0.1449 
B7 0.02 0.6483 0.4863 0.5277 0.4361 
B8 0.016 0.6105 0.2657 0.3853 0.4832 
B9 0.02 0.6705 0.6843 0.3060 0.3644 
K11 0.016 0.4682 0.3984 0.3331 0.3746 
K12 0.02 0.6448 0.4629 0.4619 0.3645 
YOL 0.64 0.1168 0.1538 0.6020 0.7552 
YOL-A1 0.4 0.2509 0.3008 0.5523 0.6456 
Ba.2 0.32 0.4750 0.3618 0.2315 0.1909 
Ba.4-A4-Ba 1 0.1422 0.1780 0.5091 0.6747 
Ba3 0.64 0.5209 0.3372 0.2846 0.3347 
E2 0.64 0.1858 0.1985 0.4855 0.6155 
E4-Y3 1 0.2269 0.2587 0.3978 0.5633 
E5 0.64 0.2985 0.2786 0.4270 0.5084 
K10 0.256 0.1849 0.1792 0.5578 0.6803 
K3 0.256 0.2660 0.2547 0.6306 0.7064 
K3 0.625 0.3239 0.2196 0.4388 0.5260 
K6 0.4 0.6785 0.3789 0.2955 0.3482 
K7 0.32 0.3849 0.3495 0.4209 0.5028 
K8 0.5 0.3114 0.4007 0.3946 0.4903 
K8 0.5 0.4389 0.4463 0.3908 0.5557 
K9 0.512 0.4920 0.4367 0.3999 0.3794 
Y1-E1 0.25 0.7007 0.6792 0.3129 0.3143 
Y2 0.4 0.7449 0.5619 0.2740 0.4230 
Y4-A3 0.205 0.2286 0.2368 0.4463 0.5875 
Y5 0.16 0.3517 0.2639 0.1922 0.2002 
A2 0.18 0.5489 0.3448 0.2783 0.2354 
A4 0.2 0.4573 0.1898 0.4607 0.5657 
A4 0.16 0.7066 0.5228 0.2296 0.3397 
A4 0.18 0.6465 0.6719 0.2332 0.3003 
B10 0.22 0.6243 0.5178 0.1776 0.3186 
B5-B9 0.16 0.5771 0.4203 0.2798 0.3265 
B6 0.25 0.5282 0.4482 0.2896 0.3067 
Ba.1 0.18 0.6251 0.5459 0.1576 0.3322 
Ba.4-A4-Ba 0.2 0.5132 0.4543 0.3497 0.4378 
E3 0.14 0.6186 0.5460 0.1361 0.3606 
E3 0.25 0.4915 0.4749 0.2878 0.2954 
K2 0.128 0.6493 0.5729 0.1495 0.2804 
K2 0.1 0.3755 0.3254 0.4239 0.3101 
K2 0.08 0.1964 0.1973 0.5238 0.3752 
B1 0.08 0.3802 0.2426 0.3338 0.2559 
B2 0.054 0.1853 0.1723 0.5429 0.4509 
B3 0.042 0.5964 0.3112 0.4003 0.4499 
K1 0.05 0.3103 0.1475 0.4905 0.6109 
O1 0.051 0.4975 0.3452 0.2557 0.3566 
O 0.09 0.3069 0.2999 0.4610 0.5423 
B 0.05 0.5876 0.3734 0.2812 0.2685 

A*: Alaylı, B*: Kalaba, E*: Elifli, K*: Karaköy, O*: Osmanbeyli, Y*: Yörükler. 

Conclusion 

In this study, the statistical relationship between the land suitability indices determined for rice 
lands belonging to Yeşil Küre Agricultural Enterprise and the spectral vegetation index (NDVI and RE-
OSAVI) values calculated by using different time series Sentinel-2A satellite images, and the estimation 
of the rice productivity potential. A different perspective is presented for viewing and monitoring. First 
of all, according to the rice conformity assessment study of the farm lands, 6488.9 ha area was 
determined to be suitable for rice cultivation at S1 and S2 levels, while the 588.9 ha area was determined 
to be unsuitable. In this study, it was observed that the most successful results for each land suitability 
class were obtained by using the NDVI index. It has been determined that the RE-OSAVI index gives 
more accurate results in determining the sparse vegetation, and provides a limited opportunity to monitor 
cultivars grown in water-saturated land conditions.  

The r2 values, in which the statistical relationship between the rice land suitability index values 
values were revealed without evaluating the land suitability classes separately, showed that both indices 
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were not suitable for soil fertility potential estimations in early vegetation periods, but were suitable for 
soil fertility potential estimations in medium to long vegetation periods. It was concluded that the 
vegetation indices obtained from the satellite images of the different growth stages of the rice plant can 
be used as an alternative to determine the critical growth stages of the rice plant. With this study, it is 
predicted that the use of vegetation indices can help to monitor the rice plant at critical time stages and 
to intervene in time to possible problems, as well as to ensure the continuity of food safety by getting 
more yield from the rice plant with these interventions. In addition, this study showed that the spectral 
capabilities of Sentinel-2A satellite images can be used in similar studies to be done in the future with 
the ESA-SNAP image processing tool. As a result, this study using vegetation index values obtained 
from different time series satellite images covering different development stages of rice plants has 
created an awareness for future research in determining the potentials for the relationships between 
index values and rice soil quality. 
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