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Abstract 

Multi-temporal satellite images are generally used to calculate yield 

estimation. However, investigating the feasibility of yield estimation 

using a single-dated satellite image still needs to be solved today. The 

benefits of using a single-dated satellite image in yield estimation and 

optimum timing are among the issues to be considered in future 

studies. 

This study developed a parcel-based yield model using a single 

satellite image for the 2014, 2015, and 2016 years and meteorological 

data in Kadirli-Osmaniye, Türkiye. The SPOT 6&7 satellite images 

were acquired at an appropriate time of the plant cover (the greenest 

period of the plant). For four months, photographs and values of plant 

height are provided weekly from fieldwork to determine crop cover 

fraction and monitor vegetation development. Regression analysis 

was performed with 12 vegetation indexes obtained from satellite 

images and crop cover fractions. In all calculated yield models, the 

relationship between I.-II.-III. soil classes selected, considering soil 

maps and yield, are compared. The relative errors of the low-yield 

fields were calculated between 10% and 35% (according to the yields 

obtained at harvest time). As a result, it was determined that a single 

satellite image could model yield estimation of corn and sunflower 

for each year on fields with an average of 0.10 relative errors.  
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Introduction 

 

The increase in demand for agricultural products and the dependence of agricultural production on 

environmental conditions reveal the necessity of monitoring plant production. Monitoring and forecasting plant 

production, both on a regional and global scale, is significant for agricultural land management, food safety 

warning systems, food trade policies, and carbon cycle research (Tao et al., 2005; Karthikeyan et al., 2020). 

Corn, consumed by about half of the world's population, is one of the most preferred grain products as animal 

feed worldwide. Among the oilseed plants cultivated in Türkiye, sunflower is first when the cultivation area and 

production are investigated. Approximately 50% of the vegetable oils produced in our country are obtained from 

sunflowers. There is a continuous increase in vegetable oil consumption in Türkiye because of both rapid 

population growth and increased consumption per capita (Onurlubaş & Kızılaslan, 2007). 

Net Primary Productivity (NPP) is directly related to the yield of harvested product. NPP can be determined 

by the Light Use Efficiency (LUE) model with the help of remote sensing data. LUE models are widely used 

around the world to decide NPP for the assessment of global carbon cycle rates (Ahl et al., 2004; Olofsson et al., 

2007; Drolet et al., 2008; Propastin et al., 2012; Wellington et al., 2022). The LUE approach is well suited to 

satellite-based NPP estimation, as plant radiation absorption is the main subject for net carbon production (Field 

et al., 1995; McCallum et al., 2009). Data obtained from satellites can be used in studies related to product 

efficiency, as they contain radiation emitted and reflected from the Earth at various wavelengths of the 

electromagnetic spectrum (Tao et al., 2005; Gitelson et al., 2012). While establishing the yield model, many 

different parameters are analyzed together. Meteorological parameters such as temperature, humidity, solar 

radiation, and soil conditions should be monitored throughout the plant phenology (Soltani et al., 2005; Bazgir et 

al., 2007; Algancı, 2014). Besides these parameters, spectral plant indices, widely used in mapping, monitoring, 

and analyzing temporal and spatial changes in plant structure and even some biophysical parameters, are also used 

in the yield model (Almalki et al., 2022). These indices are used in the yield model to monitor and evaluate changes 

in the biophysical properties of vegetation such as fPAR (photosynthetic active radiation absorption coefficient), 

leaf area index (LAI), and crop cover fraction (CCF) (Asrar et al., 1984; Holben, 1986; Myneni et al., 1995; 

Myneni et al., 1997a; Myneni et al., 1997b; Gitelson et al., 2002; Guo et al., 2018; Peng et al., 2019). 

 In yield estimation studies, LAI is used instead of the fPAR value(Qin et al., 2018; Algancı, 2014). LAI is 

one of the biophysical variables required for yield estimation. Direct LAI measurements are time-consuming and 

difficult. (Bréda, 2003). Devices for direct LAI measurements need to be calibrated precisely to the study area 

(Poblete-Echeverría et al. 2015). Therefore, instead of direct LAI measurements, the crop cover fraction, which is 

known to have a high correlation with LAI, is used in studies instead of LAI (Pan et al., 2007). High spatial is 

obtained at small spatial scales from ground-based methods, which traditional methods used in determining the 

crop cover fraction. However, it is time-consuming and labor-intensive with researcher subjectivity (Zhou et al., 

1998; Richardson et al., 2001; Herrick et al., 2006; Poblete-Echeverría et al., 2015). With digital cameras, crop 

cover fractions can be obtained faster, more accessible, and more accurately. With image processing software, 

crop cover fraction information can be obtained by taking the percentage of the total number of pixels to the green 

pixels. In methods used to extract crop cover fraction from digital camera images (Dymond et al., 1992; Elvidge 

& Chen, 1995; Senseman et al., 1996; Purevdorj et al., 1998; Adamsen et al., 1999; Lukina et al., 1999; Elmore et 

al., 2000; Zhou & Robson, 2001; Pan et al., 2007), especially in RGB (Red, Green, Blue) images without near-

infrared bands, it is very difficult to distinguish plant characteristics from each other in green, aged plant 

communities. Correlation between bands is high in RGB color space. However, this correlation between bands 

decreases when images are converted to HSI (hue-saturation-intensity) space. There are many studies where more 

accurate results are obtained from digital images used in plant analysis with HSI conversions rather than original 

RGB bands (Liu et al., 2012). In a study by (Tang et al., 2000), HSI conversion was made to high-resolution video 

images to detect weeds in the plant. (Ewing & Horton, 1999) used the HSI transformation to determine the wheat 

plant's crop cover fraction in their study. (Suarez Baron et al., 2022) and (Kaushalya Madhavi et al., 2022) used 

the HIS transformation to separate the leaf from the background. The second method used to determine the crop 

cover fraction is the GreenCrop Tracker software. Green Crop Tracker software is an alternative tool that assists 

researchers in processing digital color images under open-source licensing, which Agriculture and Agri-Food 

Canada use to obtain the crop cover fraction in agricultural areas and LAI value (Liu & Pattey, 2010). The 

GreenCrop Tracker's ease of use, cheapness, and the fact that it does not require on-site measurements like 

conventional LAI measurements reveal the advantages of this tool (Sandhu et al., 2018). 

fPAR can be derived from remote sensing data due to the relationship between absorbed solar energy and 

spectral vegetation indices (Myneni et al., 1995; Yuan et al., 2007; Zhao et al., 2020). This relationship is usually 

made by applying Beer's law, which defines light absorption as the LAI factor (Running et al., 2004; Yuan et al., 

2007). Studies show that fPAR is linearly related to the normalized difference vegetation index (NDVI) in different 

habitats (Yuan et al., 2007). In our study, the crop cover fraction was subjected to regression analysis with 12 

vegetation indices NDVI, (green normalized difference vegetation index) GNDVI, (Soil-Adjusted Vegetation 

Index) SAVI, (difference vegetation index) DVI, (Ratio Vegetation Index) RVI, (Enhanced Vegetation Index) 
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EVI, (Generalized Difference Vegetation Index) GDVI, (green red vegetation index) GRVI, (Normalized Green) 

NG, (normalized NIR Index) NNIR, (Normalized Red) NR, (transformed soil-adjusted vegetation index) TSAVI) 

obtained from SPOT 6 and SPOT 7 satellite images. Regression analysis is a statistical technique used to examine 

the connections between variables. The investigator also commonly evaluates the "statistical significance" of the 

estimated relationships, which refers to the level of confidence that the genuine relationship is similar to the 

calculated relationship (Sykes,1993). The relationship between these vegetation indices and the crop cover fraction 

was investigated. The value of crop cover fraction obtained from NDVI and other vegetation indices was compared 

with the value of crop cover fraction obtained from pixel-based classification with RGB to HSI method, and crop 

cover fraction accepted with Green Crop Tracker software NDVI value was observed to have the highest 

correlation with the crop cover fraction in 3 years. 

Pixel-based classification analysis is generally used to extract information from digital images. In this method, 

the digital value of each pixel is evaluated individually. In another technique, object-based image analysis, pixels 

are segmented into objects with homogeneous spectral and spatial properties (Ryherd & Woodcock, 1996). In the 

second step, these objects are classified instead of a single pixel. In ecological research, object-based classification 

analysis is very advantageous because it can determine the boundaries between species well (Hay et al., 2002). By 

applying HSI transformation to digital images in the calculation of crop cover fraction using image-based methods, 

crop cover fraction can be extracted with object-based classification (Ewing & Horton, 1999; Tang et al., 2000; 

Hemming & Rath, 2001; Laliberte et al., 2007; Karakus & Karabork, 2017).  

Generally, when selecting satellite images, the cost and dimensions of the study area are considered. Satellites 

with a spatial resolution below 1m are defined as very high resolution, between 1m and 5m as high resolution, 

between 5m and 30m as medium resolution, and between 30 m and 300 m as low resolution. It is seen that more 

studies are carried out for product identification with low and medium-resolution satellite images (Huang et al., 

2002; Hoberg & Müller, 2011; Leite et al., 2011; Peña-Barragánet al., 2011; Yang et al., 2011; Faria et al., 2012). 

The study investigated the effect of a 1.5-meter resolution SPOT 7 satellite image on yield estimation. 

Although the method followed in yield estimation uses multi-time satellite images in general (Ines & Honda 

2005; Algancı, 2014), the desired number of satellite images cannot be obtained due to many factors, such as cloud 

rate and low temporal resolution. It has been observed that the best estimation can be made with a single image 

taken during the bloom period, that is, during the pollination period (Lobell et al., 2003; Jongschaap, 2007). If we 

examine these studies more closely, in their research, (Lobell et al., 2003) estimated crop area, yield, and planting 

dates with Landsat images for 2 years in an intensive agriculture region in northwest Mexico. Crop phenology 

information was combined with multi-temporal satellite images to predict regional crop rotations. Appropriate 

sowing dates were determined to identify yield and wheat yield using NDVI and SR indices as fPAR. A simplified 

model was developed to assess the assassination of yield using only one image, and high accuracy was achieved 

based on the image acquisition date. Another study (Jongschaap, 2007) stated that if multiple photos cannot be 

obtained in yield estimation for various reasons, a very accurate yield estimation can be made with a single-dated 

image tried before harvesting. However, the effects of soil class on yield could not be modeled in these studies. In 

our research, while estimating the yield with a single satellite image, satellite image selection was made 

considering that different agricultural plants will be planted in the region and the difference in development rates 

and durations of these plants. While determining the single-dated images, the most suitable period was chosen by 

considering the development status between the same or recently cultivated species. 

This study aims to develop the fields with the help of meteorological data and use a single satellite image 

every year in the Kadirli District of Osmaniye Province in Türkiye. The second aim is to examine the effect of the 

results obtained by adhering to the soil maps on the yield models. This study conducted a comprehensive field 

study to determine which crop was grown in which field in 2013, including the Kadirli-Osmaniye-Kozan districts, 

and to decide which products to work with. As a result of this field study, it was determined that most corn and 

sunflower plants were grown in the study area. Farmer interviews determined the planting harvest dates of these 

two plants. It was determined that the fields were irrigated, but the amount of water used per decare could not be 

determined because irrigation is done until the field reaches water saturation. In the years 2014-2015 and 2016, 

when the yield estimation will be made, plant height measurements and monitoring of plants started in April, when 

the crops sown were noticeable on the soil surface, such as late February - early March. Images were obtained 

from a 1-1.5 m height from the plant surface with the camera. Plant height measurements were provided until plant 

height growth ceased, and images were taken until the plant was harvested. Regression analysis was performed 

with 12 vegetation indexes obtained from satellite images and crop cover fractions. In all calculated yield models, 

the relationship between I.-II.-III. soil classes selected, considering soil maps and yield, are compared. The relative 

errors of the low-yield fields were calculated between 10% and 35% (according to the yields obtained at harvest 

time). As a result, it was determined that a single satellite image could model yield estimation of corn and 

sunflower for each year on fields with an average of 0.10 relative errors. 
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Material and Methods 

Study Area 

Kadirli, chosen as the study area, is located in the north of Osmaniye province in Türkiye and is the largest 

district of Osmaniye. One-third of the district's lands are mountainous, and two-thirds are plains. Therefore, Kadirli 

is a settlement whose economy is based on agriculture. The subtropical Mediterranean climate is dominant in 

Kadirli. Summers are dry, and winters are mild and rainy. The highest average temperature in the district is in 

August at 36 °C, the lowest temperature is in January with an average of 3 °C, and the annual average precipitation 

is 1,000 mm per m². Osmaniye has a green area above Türkiye and world standards, with its green areas and forests 

of up to 40% (Url-1). Due to all these features, the region has been chosen as the study area because it has the most 

suitable climate and soil for agriculture. Different characteristics, such as slopes and flat regions, were taken into 

account. In Fig. 1., I., II., and III. class lands, which belong to the study area, are represented. 

In these test areas, sunflowers and corn were planted in early February or early March, depending on the hot 

or rainy weather and the location of the fields in 2014, 2015, and 2016. In this region, corn is generally planted 

in February if the weather is dry, and sunflowers are usually planted at the beginning of March.  

  

 
 

Fig. 1. Land use capability map of the study area 

http://abacus.bates.edu/~ganderso/biology/resources/writing/HTWsections.html#methods
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Selection of Test Cropland 

To investigate the effect of soil classes on yield estimation, 1/100.000 scaled soil maps of the study area were 

examined. When all lands are examined in general, according to the Land Use Capability (LUC) in Türkiye, with 

the I. class, which can be cultivated in the best, easiest, and most economical way without causing erosion on the 

soil, and places that are not suitable for any agriculture, cannot be used even as meadow or forest, but only 

constitute an environment to the natural life or used by people as resting places and national park are situated 

among the VIII. class (Url-2). In this study, 4-5 cropland from each class land where corn and sunflowers are 

cultivated was tried to be selected in Fig 2, and the class lands are I. class land, where agriculture is more intensive, 

II. class land, and III. class land. 

 

 
Fig.2. Selected test fields in 2014-2015-2016 

 

Selection of Plant Species 

The development period of the corn plant lasts 70-165 days. Although it varies according to the species and 

cultivated area, it requires a temperature of 10-13 °C during the germination period and 10-20 °C during the growth 

period (Türkoğlu, 1971). Corn is generally grown in humid and warm areas. 

Although sunflower is not selective in the soil in which it grows, it can be grown with high yield in deep soils 

rich in organic matter and with good water-holding capacity. It can be grown in well-drained soils, from sandy to 

clay. Although sunflower is a very tolerant plant to high and low temperatures, a soil temperature of 8-10 ℃ is 

required for the best germination of its seeds. The best-growing temperatures for sunflowers are between 21 ℃ 

and 24 ℃ (Türkoğlu, 1971). 

 

Satellite data and image processing 

In the study, SPOT 6 & SPOT 7 satellite images were used. On June 10, 2014, and July 13, 2015, 6 meters 

resolution (Ground Sampling Distance – GSD) for blue, green, red, and near-infrared channels in multispectral 

detection mode, and on June 2, 2016, 1.5 meters resolution pan-sharpened blue, green, red, and near-infrared band 

data have been provided as shown in Tab. 1. 

 
Tab. 1. SPOT 6 and SPOT 7 properties 

SPOT 6  Bands GSD SPOT 7 Bands GSD (pan-sharpened) 

Blue 0.45-0.52 µm 6 m. Blue 0.45-0.52 µm 1.5 m. 

Green 0.53-060 µm 6 m. Green 0.53-060 µm 1.5 m. 

Red 0.62-0.69 µm 6 m. Red 0.62-0.69 µm 1.5 m. 

NIR 0.76-0.89 µm 6 m. NIR 0.76-0.89 µm 1.5 m. 

 

In this study, atmospheric and geometric corrections on satellite images were made using ENVI software. 

The QUick Atmospheric Correction (QUAC) method directly determines the atmospheric correction parameters 
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from the observed pixel spectrum in an image without additional information. QUAC results are better than 

FLAASH or other physics-based first-order methods (Bernstein et al., 2012). For this reason, atmospheric 

correction of satellite images was made with QUAC in the study.  

The 16 control points required for the geometric transformation of the image were obtained with RTK-GPS. 

It is received within a 0.5-pixel error limit using first-order polynomial transformation with the help of ground 

control points. 

 

Meteorological Data Processing 

The meteorological parameters of daily solar radiation, such as daily minimum, daily maximum, average 

temperature, and daily average wind speed, required in the LUE model were obtained from TARBIL. Fifteen 

meteorological stations near Kadirli, shown in Fig. 3, have been determined to be used in the study. The minimum, 

maximum, and average temperature values were used to calculate the meteorological data for 2014, 2015, and 

2016. 

 
Fig.3. Meteorological stations around Kadirli district 

 

The LUE model and its parameterization 

Production efficiency estimation is based on a concept developed by (Monteith, 1972; Monteith, 1977). This 

concept suggests that crop productivity is related to fPAR, PAR, and LUE (Hall et al., 1992; Viña and Gitelson, 

2005). NPP is calculated using the equations in (1 and 3). 

 

𝑁𝑃𝑃 = 𝐿𝑈𝐸 × 𝑓𝑃𝐴𝑅 × 𝑃𝐴𝑅 (1) 

𝐿𝑈𝐸 = 𝜀0 ∗ 𝑇𝑠 ∗ 𝑆𝑀 (2) 

𝑁𝑃𝑃 = 𝜀0 ∗ 𝑓𝑃𝐴𝑅 ∗ 𝑃𝐴𝑅 ∗ 𝑇𝑠 ∗ 𝑆𝑀 (3) 

 

PAR is accepted to be 45-50% of solar radiation data. PAR is calculated from solar radiation data 

(Bastiaanssen & Ali, 2003). 

Another parameter used in LUE yield models is the harvest index parameter. Harvest index parameters 

defined as grain moisture content (mm) (MC), harvest index (grain/stalk ratio) (HI), and root-stem weight ratio 

(AL) for corn and sunflower are determined by local measurements and experimental studies in a laboratory 

environment. Since there are no terrestrial measurements, the literature (Anderson, 1988; Dwyer et al., 1994; 

Algancı, 2014) determined these parameters by interviews with the farmer, as seen in Tab. 2. 

 
Tab. 2.  Harvest index parameters for sunflower and corn. 

SPOT 6  Sunflower Corn 

HI (%) 0.20-0.35 0.40-0.55 

KGO (%) 0.30 0.70-0.85 

NO (%) 0.20 0-0.20 

 

The value represented as 𝜀0 found in the LUE yield model is considered relatively constant during the 

phenological period, provided that the climatic conditions are good and the soil is adequately irrigated (Monteith, 

1972). 

𝐿𝑈𝐸 = 𝜀0 ∗ 𝑇𝑠 ∗ 𝑆𝑀 (4) 
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𝜀0 = 0,389 𝑔𝐶𝑚−2𝑀𝐽−1 𝐴𝑃𝐴𝑅   is taken as such (Potter et al., 1993). 

While  𝜺𝟎 found in equation (4) expresses the maximum LUE value, 𝑻𝐬 expresses the temperature influence factor, 

and SM stands for soil moisture. A detailed literature review on the effect of temperature on corn and sunflower 

production was made, and it was calculated with equation (4) (Yuan et al., 2007; Barr et al., 2013; Kross et al., 

2016; Yuan et al., 2016). 

 

𝑇𝑆 =
(𝑇 − 𝑇𝑚𝑖𝑛)(𝑇 − 𝑇𝑚𝑎𝑥)

[(𝑇 − 𝑇𝑚𝑖𝑛)(𝑇 − 𝑇𝑚𝑎𝑥)] − (𝑇 − 𝑇𝑜𝑝𝑡)2
 (5) 

𝑇𝑚𝑖𝑛,𝑇𝑚𝑎𝑥 , 𝑇𝑜𝑝𝑡 are temperatures at which the photosynthesis activities of the plant are minimum, maximum, 

and optimum. On the other hand, 𝑇  is the average daily air temperature. If the air temperature is below 𝑇𝑚𝑖𝑛 or 

above 𝑇𝑚𝑎𝑥 , 𝑇𝑆= 0 (Raich et al., 1991). 𝑇𝑆 "The temperature effect coefficient" differs according to the species and 

the region it lives in. The temperature effect coefficient takes a value between 0 and 1. Root elongation of the corn 

plant in our study area stops below 9 ℃, and there is a sudden decrease in root and stem elongation when it reaches 

32 °C, and stomal activities stop completely at 40 °C as seen in Fig. 4 (Kırtok, 1998). As seen in Fig. 4, root 

elongation stops below 10°C for sunflower, a sudden decrease in root and stem elongation is observed when it 

reaches 35 °C, and stomal activities stop completely at 45 °C (Gürbüz et al., 2003). The temperature effect factor 

values calculated for corn and sunflower according to equation (5) are shown in Tab. 3. 

 
Tab. 3. The effect of temperature on corn and sunflower 

Date Sunflower soil moisture index Corn soil moisture index 

2014 0.92 0.92 

2015 1 1 

2016 0.9168 0.9168 

 

 
Fig. 4. 𝑇𝑆  for corn and sunflower 

 

Soil moisture index is calculated with 𝑊 = 0,5 + 0,5 ∗ (𝐸𝑇/𝑃𝐸𝑇). 𝐸𝑇 is evaporation, and 𝑃𝐸𝑇 is potential 

evaporation. AgroMetShell plant climate model, an FAO software, was used to calculate 𝐸𝑇  and 𝑃𝐸𝑇 values 

using the FAO-Penman-Monteith method. The climatic data required for the technique include temperature 

(maximum and minimum values), global solar radiation or sunshine duration, and average wind speed (Tao et 

al., 2003). The soil moisture index values obtained with the AgroMetShell plant climate model are shown in Tab. 

4. 
Tab. 4. Soil moisture index values of corn and sunflower 

Date Sunflower Corn 

2014 1 1 

2015 1 0.8616 

2016 1 1 

 

Another parameter required for yield estimation is photosynthetically active radiation (PAR) (0.4-0.7 μm). 

This parameter is described as a portion of the short-wave solar radiation (0.3-3 μm) absorbed by chlorophyll, 

which is necessary for plant photosynthesis. This parameter can be obtained from meteorological data sets and 

satellite data (Dye & Shibasaki, 1995). PAR is the K fraction of incoming solar radiation. PAR is considered to be 
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45-50% of the average 24-hour solar radiation. K↓expresses the value of space radiation (Moran et al., 1995; 

Bastiaanssen & Ali, 2003). Tab. 5 shows the PAR values calculated for 2014, 2015, and 2016 with equality (6). 

𝑃𝐴𝑅 = 0,48 ∗ 𝐾(𝑊 𝑚−2)= MJ 𝑚−2𝑑𝑎𝑦−1 (6) 

Tab.5.  PAR values of corn and sunflower 

Date Sunflower PAR [MJ𝒎−𝟐𝒅𝒂𝒚−𝟏] Corn PAR [MJ𝒎−𝟐𝒅𝒂𝒚−𝟏] 

2014 11.3173314 11.3173314 

2015 12.27865651 12.27865651 

2016 12.0589503 12.0589503 

 

fPAR refers to the portion of available PAR that plants can absorb for carbon sequestration. This value varies 

according to the type of plant and growing conditions. This value is closely related to vegetation indices (Baret et 

al., 2007; Houborg et al., 2011; Bandaru et al., 2013). The fPAR value used in yield estimation was determined by 

two methods in this study. The first is the linear relationship between fPAR and vegetation indices using remote 

sensing methods. The vegetation indices that best match the crop cover fraction to be used in yield estimation by 

(Jones & Vaughan, 2010) are explained below.  

NDVI is directly proportional to the amount of chlorophyll in the plant and is used to determine its health 

status (Rouse, 1974). 

 

NDVI=(NIR-Red)/(NIR+Red)                                                                                              

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

 

GNDVI is an improved form of NDVI that is more sensitive to the diversity of chlorophyll content in the 

plant (Gitelson et al., 1996). 

 

GNDVI=(NIR-Green)/(NIR+Green)                                                                                       

NIR: Reflectance values detected at Near Infrared wavelengths 

Green: Reflectance values detected at Green wavelengths 

 

Unlike NDVI, SAVI is a vegetation index calculated by considering the reflection of the soil (Huete, 1988). 

 

SAVI=(1+L)(NIR-Red)/(NIR+Red+L)                                                                                 

L= Soil brightness factor 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

 

DVI is used to distinguish soil and vegetation. 

 DVI=(NIR-Red)                                         

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

 

RVI is also used to determine vegetation. 

RVI=(NIR/Red) 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

 

NDVI is more sensitive to changes in high-mass areas, which is a major shortcoming of NDVI. EVI is a 

vegetation index that reduces the effect of atmospheric conditions (Liu and Huete, 1995). 

EVI=G * [(NIR – red) / (NIR + C1*Red – C2*Blue + L)], 

G = 2.5, C1 = 6, C2 = 7.5, L = 1 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

Blue: Reflectance values detected at Blue wavelengths 

 

GDVI is a plant index developed to determine the nitrogen need in corn plants (Sripada et al., 2006). 

GDVI=(NIR-Green) 

NIR: Reflectance values detected at Near Infrared wavelengths 
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Green: Reflectance values detected at Red wavelengths 

 

GRVI is strongly affected by the green and red reflection changes that occur in the pigments in the leaf 

(Sripada et al., 2006).  

GRVI=(NIR/Green) 

NIR: Reflectance values detected at Near Infrared wavelengths 

Green: Reflectance values detected at Red wavelengths 

 

Since NG is sensitive to pigments other than chlorophyll (carotenoids, anthocyanins, xanthophylls) found in 

the plant, it is used to determine these pigments in the plant (Sripada et al., 2006). 

NG=Green/(NIR+Red+Green) 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

Green: Reflectance values detected at Green wavelengths 

 

Since NNIR is sensitive to the chlorophyll content in the plant, it is used to determine the chlorophyll in plants 

(Sripada et al., 2006). 

NNIR=NIR/(NIR+Red+Green) 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

Green: Reflectance values detected at Green wavelengths 

 

NR is used to determine the chlorophyll content in the plant (Sripada et al., 2006). 

NR=Red/(NIR+Red+Green) 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

Green: Reflectance values detected at Green wavelengths 

 

The soil effect is tried to be minimized with a slope, b soil intersections and X coefficient values in  TSAVI 

(Baret et al., 1989). 

TSAVI = [a (NIR – a*Red – b)] / [a*NIR + Red – (a*b) + X(1+a²)] ; 

a=1.2 , b=0.04, 38 X=0.8 constants. 

NIR: Reflectance values detected at Near Infrared wavelengths 

Red: Reflectance values detected at Red wavelengths 

 

This study used vegetation indices such as NDVI, GNDVI, SAVI, DVI, RVI, EVI, GDVI, GRVI, NG, NNIR, 

NR, and TSAVI. For sunflower and corn, a regression was calculated between the vegetation indices and crop 

cover fraction on a parcel basis. Among all these indices, the NDVI value gave higher correlation values than the 

other indices. Studies also show that the NDVI value is linearly related to fPAR (Prince & Goward, 1995; Goetz 

& Prince, 1999; Lobell et al., 2003). Some studies explain these relations(Sala & Paruelo, 1997; Seaquist et al., 

2003; Url-3)                                                                                                                                                        

Another method used in this study to calculate the fPAR value is digital images. The crop cover fraction will 

be used instead of the FPAR value in the yield model. The digital images used in this study were obtained with 

the Sony DSC-S930 camera. The camera has a focal length ranging from 6.4 to 19.2 mm. Its sensor is 10 

megapixels in resolution. Image dimensions are a maximum of 3648x2736 pixels, weighing 167 grams. It was 

paid attention to keep the zoom setting the same during the photoshoots that took 3 years. The focal length was 

taken as 6.4 mm in all images. The photos were taken from 1-1.5 m height with automatic exposure facing 

vertically down in the plots. Images and plant height measurements were taken every week throughout the plants' 

growing period. The purpose of taking these digital photographs is to define the crop cover fraction of sunflowers 

and corn during their growing stages. Crop cover fraction expresses the percentage of the plant (including roots, 

branches, and leaves) in the total area of interest to the vertical projection area (Purevdorj et al., 1998; Gitelson et 

al., 2002; Godínez-Alvarez et al., 2009). Crop cover fraction is a biophysical variable important in carbon cycle 

studies(Xiao et al., 2016). This study used two methods to determine the crop cover fraction. The first is converting 

the RGB image space to the HSI color space. RGB color representation is based on a cube, whereas HSI is based 

on a color sphere (Jensen, 2005). Intensity is related to brightness. This value indicates the vertical axis of the 

sphere. The hue describes the dominant wavelength of the color. This value indicates the circumference of the 

sphere. Another value saturation is the relative purity of the color. This value describes the radius of the sphere. 

While hue and saturation values are related to people's ability to perceive colors, the HSI model is separated from 

color information by the intensity component. In this method, RGB values can be easily transferred to HSI values, 

as seen in the equations (7, 8, 9). In the HSI color space, the hue of color describes an angle. It also has a 
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relationship with the closest matching spectral wavelength. The hue ranges from 0° to 240° in the visible spectrum 

and can optionally be red hue at 0°, green hue at  120° and blue hue at 240°. Between 240° and 360°, there are 

colors that the eye cannot perceive (Pan et al., 2007). The conversion from RGB to HSI is as shown below(Li et 

al.,2002): 

𝐼 =
1

3
(𝑅 + 𝐺 + 𝐵) (7) 

𝑆 = 1 −
3 × 𝑚𝑖𝑛 (𝑅, 𝐺, 𝐵)

𝑅 + 𝐺 + 𝐵
 (8) 

𝐻 = 𝑐𝑜𝑠−1 [
1/2((𝑅 − 𝐺) + (𝑅 − 𝐵))

√(𝑅 − 𝐺)2 + (𝑅 − 𝐵)(𝐺 − 𝐵)
] (9) 

 

Here, R=Red, G=Green, and B=Blue in the RGB color space. If G ≥ B, then H = 360 - H; if R = G = B, then H is 

undefined and S = 0 (Pan et al., 2007). In the present study, RGB images were first converted to HSI. Then, object-

based classification was used to distinguish the plant from the soil surface. The images were segmented by 

selecting the appropriate parameters. Plant and non-plant parts were identified and classified using control data. 

The crop cover fraction was then obtained by dividing the number of green pixels of the plant by the total number 

of pixels. Fig. 5 shows the conversion of field 23 of 2014 from RGB to HSI. 

 

 
Fig.5. HSI representation of field number 23 in 2014 

 

The second method used to determine the crop cover fraction is Green Crop Tracker v.1.0 software developed 

by Agriculture and Agri-Food Canada (Liu & Pattey, 2010). This software is freely available and calculates the 

crop cover fraction from color images in coordination with IDL (Interactive Data Language). The software uses 

red(R), green(G), and blue(B) values, as seen in equation (10). 

 

𝐺𝑟𝑒𝑒𝑛𝑛𝑒𝑠𝑠 =  2𝐺 –  𝐵 –  𝑅 (10) 

 

The R, G, and B values here are the intensity levels for each color. These values are obtained with a digital 

camera. The formulation is based on a high contrast between the reflected intensity of green leaves and the other 

background colors associated with features such as soil, dry leaves, etc. This software calculates the crop cover 

fraction with the sequential threshold value approach based on histogram analysis (Liu & Pattey, 2010). 

 

Yield estimation with a single date 

In cases where it is not possible to work with multiple satellite images due to limitations such as the cost of 

satellite imagery and the presence of clouds in the study area, it is very important to choose the most appropriate 

time for yield estimations with a single satellite image. Yield estimation was made by taking satellite images from 

June 10, 2014, July 13, 2015, and June 2, 2016, when the green of plants was the most intense. NDVI values were 

calculated from the satellite images taken on these dates and used in yield estimation models. 

 

Results and Discussion 

Crop cover fraction 

Corn number 4 in 2014, sunflower number 6 in 2014, sunflower number 14 in 2015, the chart of corn numbered 

15 in 2015 that was used to calculate the crop cover fraction of the fields of corn number 18 in 2016 and sunflower 

number 29 in 2016 by two methods and date graph number. The plant height date chart that determined the plant 

http://abacus.bates.edu/~ganderso/biology/resources/writing/HTWsections.html#results
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phenology is given in Fig. 6-7-8. As can be seen in the figures, it gives very close results. However, it has been 

observed that the images taken with the Green Crop Tracker tool in low-light conditions need to be corrected in 

the crop cover fraction. However, it was concluded that the Green Crop Tracker tool could quickly determine the 

crop cover fraction. At the same time, images used to calculate the crop cover fraction gave information about 

measured plant heights, plant phenologies, and plant diseases. Previous studies have shown that the GreenCrop 

Tracker can accurately predict CCF throughout the growth period of the crop, excluding the leaf aging stage 

(Sandhu et al., 2019; Karakus & Karabörk, 2020). The study by Karakus & Karabörk (2020) concluded that the 

Green Crop Tracker is a viable alternative to ground-based methods. In this approach, time and labor loss are less 

than in object-based classification. Green Crop Tracker software and object-based classification results were 

compared in growing seasons, and it was seen that a high correlation was obtained between these two methods, as 

in our study. 

 

 

 
Fig. 6. The plant height-date that the plant phenology was determined for 2014 on corn and sunflower. 

 

 
Fig. 7. The plant height-date that the plant phenology was determined for 2015 on corn and sunflower. 
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Fig. 8. The plant height-date of the plant phenology was determined for 2016 for corn and sunflower. 

 

Relationship between vegetation indices and crop cover fraction 

When regression was done between the vegetation indices of NDVI, GNDVI, SAVI, DVI, RVI, EVI, GDVI, 

GRVI, NG, NNIR, NR, and TSAVI on fields basis for sunflower and corn and crop cover fraction, NDVI gave 

higher correlation results between crop cover fraction and spectral vegetation indices. (Li et al., 2010) We also 

found a correlation of more than 0.86 between CCF and NDVI, which is parallel to our results. According to the 

results, the correlation is thought to increase due to the linear relationship between the NDVI and the crop cover 

fraction. For this reason, NDVI was used as the plant index in the presented study. At the same time, using NDVI-

CCF correlations will contribute to standardizing the main approaches used to assimilate CCF into crop modeling 

applications (Jin et al., 2020). The results of linear regression analysis between NDVI-CCF were observed to have 

values between 0.710-0.907 R². NDVI- CCF equations and R² values, which were subjected to regression analysis 

in 2 groups, sunflower, and corn, are given in Tab. 6. 

 
Tab. 6. CCF-NDVI equations for 2014, 2015 and 2016 

Crop  Date Regression Equations R² 

  2014 CCF= -0.144 +1,113*NDVI 0.710 

Sunflower  2015 CCF=0.007+1,030*NDVI 0.727 

  2016 CCF= 0.102+0,853*NDVI 0.907 

  2014 CCF= -0.061+1,073*NDVI 0.888 

Corn  2015 CCF=0.046+0,951*NDVI 0.799 

  2016 CCF=0.014+0,974*NDVI 0.834 

 

Results of yield estimation by years 

Satellite images and crop cover fraction data were compared with farmer statements to verify yield estimates 

on a parcel basis. The satellite image taken in the field in 2014 fully reflects the vegetation density. Leaf manure 

was applied to fields 5 and 6 from the fields in 2014, and the highest yield was obtained. The yield is quite high 

since these fields are in the I. region. When the NDVI values and crop cover fraction values of these fields are 

examined, they are pretty high compared to other fields. In ll. field number 17 in the region, red spider disease was 

detected with the pictures taken on May 5 and the farmer interviews. This field's NDVI value and crop cover 

fraction are also the lowest compared to other cornfields. The relative error of field 17, in which red spider disease 

was detected, was high in all yield models. The last yield was obtained in the sunflower field number 27. Its NDVI 

values and crop cover fraction values are also relatively low. On the other hand, in field 27, where the lowest yield 
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was obtained, the relative error was found to be relatively high in all yield models. However, no signs of disease 

could be detected. 

In 2015, it was determined that there was a water cut in corn number 30 on 13.6.2015 with field studies and farmer 

interviews. While it is thought to affect the yield, after 2 weeks, the yield was obtained above the expected with 

the fertilizer application. Crop cover fraction value also decreased after water cutting and increased after 

fertilization. A new seed was tried in field number 20, and the yield was at the expected level because it was in the 

I. region. A very high yield was obtained from pioneer seeds in fields numbered 3 and 14. The field, whose number 

is 3, is located in the I. region and has a higher NDVI value than other sunflowers in its region. Although the field 

number 14 is in the III. region, its NDVI value is 0.7999, which is relatively high compared to other sunflowers 

due to the newly tried seed. The relative error of all yield models needs to be corrected in field 4, where the yield 

is low. The relative error of the 14. field, which has the highest yield among all the Class III yield models, was 

also increased. Although the water cut disease was determined in field number 30, fertilization did not affect the 

yield in the appropriate period. 

"Orhanbaş" disease occurred in the sunflower field number 4 in 2016. The lowest yield was obtained. NDVI and 

crop cover fraction are also very low, although it is a field in the I. Region. 

As a result, it was seen that the land class gave results directly proportional to the yield in all yield estimation 

models (Tab. 7). However, low yields were observed in Class I fields in exceptional cases such as disease. 

 
Tab. 7. Relative error results for sunflower and maize for 4 models 

 

Model 1  Sunflower Corn 

2014  0.114 0.101 

2015  0.101 0.120 

2016  0.103 0.107 

The mean of  Model 1  0.106 0.109 

Model 2    

2014  0.098 0.087 

2015  0.078 0.060 

2016  0.088 0.089 

The mean of Model 2  0.088 0.079 

Model 3    

2014  0.117 0.096 

2015  0.123 0.105 

2016  0.088 0.124 

The mean of Model 3  0.109 0.108 

Model 4    

2014  0.097               0.080 

2015  0.060 0.071 

2016  0.088 0.089 

The mean of Model 4  0.082 0.080 

 

It has been determined that the rainy weather in the tassel period in 2016 increased the crop yield a little 

compared to 2015. Because the temperature was above the seasonal normal, the corn sown in 2014-2016 was 

harvested on irrigated and uneven lands at the beginning of July. Another reason why the yield was better in 2016 

compared to other years is the precipitation of corn in the formation of internal milk. 

In Model 1 (fPAR=NDVI), fPAR is calculated from the NDVI calculated when the satellite image was taken. 

In Model 2 (fPAR=CCF) from the CCF extracted from the camera images at the time the satellite image was taken 

(as the LUE model is a daily model, the parameters need to be calculated daily. CCF values obtained from weekly 

camera images were converted to daily data by linear interpolation) were calculated from the NDVI calculated 

with other equations in the literature in the Model 3 (fPAR=1,24*NDVI-0,228), and from the equations derived 

from the relationship between the CCF and NDVI in the Model 4. 

When the 4 yield models used in the study were examined, it was determined that the model in which 

fPAR=1.24*NDVI-0.228 was used as the fPAR value was not compatible with the field data and could not be used 

in yield estimation for this study. It was seen that the other 3 yield models were compatible with the field data. 
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The main reason for this was that Yield Model 3 was calculated using the equation used in the fPAR calculation 

from the literature, and it was not compatible with the field data, as it reflected the data of another study area. 

Among all yield models, lower relative errors were obtained for sunflower and corn plants in the yield model 

calculated with NDVI, which was obtained from the relationship between fPAR value, NDVI, and CCF. 

 

 
Fig. 9. Relative errors of 2014, 2015, and 2016 by soil class for yield model 1 

 

 

 
 

 
Fig.10. Relative errors of 2014, 2015, and 2016 by soil class for yield Model 2  

 
Fig. 11. Relative errors of 2014, 2015, and 2016 by soil class for yield Model 3 

 



Pinar KARAKUS et al. / Acta Montanistica Slovaca, Volume 29 (2024), Number 4, 819-838 
 

833 

  
Fig. 12. Relative errors of 2014, 2015, and 2016 by soil class for yield Model 4 

 

As a result, this model based on the fPAR approach with a single-dated satellite image and crop cover fraction 

obtained from camera images gave very effective results. The estimation accuracy of the model results established 

from the relationship between NDVI and crop cover fraction and the model results established from the crop cover 

fraction were calculated within 10% relative error. In the model using NDVI data directly as fPAR, relative errors 

for corn and sunflower were calculated above 10%.Similar to our study, it was seen in studies in the literature that 

more accurate yield estimation was made with Model 1 (He et al., 2018; Yuan et al., 2016). As stated by (Alganci 

et al., 2014), Model 2 obtained by taking CCF data instead of fPAR has achieved very successful results in yield 

estimation. (Algancı, 2014) concluded in another study that the yield estimation performance of Model 4 is better 

than that of Model 2 (Tab. 7). However, the effect of yield on soil class could be modeled in all yield models 

except Yield Model 3, which did not reflect the whole study area and data, and data compatible with the land data 

were obtained. Since the yield model 3 was calculated with the equation used in fPAR calculation from the 

literature and reflects the data of another study area, it was determined that it did not comply with the field data. 

In addition, if the yield model calculated with a single dated satellite image is compared with Yield Model 1, Yield 

Model 2, and Yield Model 4, it is seen that there is a 0.01% difference in the relative error. Considering the 

difficulty of classical terrestrial survey studies and the cost of working with multiple satellite images, very effective 

results were obtained. 

When all methods performed in 2014, 2015, and 2016 about the effect of soil class on yield were analyzed 

on a parcel basis, an average relative error rate was determined with the relative error of 0.05 on average for corn 

and 0.05 to 0.100 for sunflower on 1. class lands, 0.100 to 0.150 for corn and sunflower in 2. class lands, and 0.100 

and 0.200 in 3. Class lands. It was determined that there is a linear relationship between land classes and yield, as 

shown in Fig. 9-12. Yield models were calculated with a single satellite image taken at the most appropriate date 

and verified for 3 years recursively. 

In the literature, yield estimation can be made often and accurately with multi-satellite imagery (Ines & 

Honda, 2005). On the other hand, yield estimation studies with a single satellite image are very limited. The studies 

did not consider the effect of soil classes on the yield model (Lobell et al., 2003). Within the scope of this study, 

yield estimations of corn and sunflower plants were made with high accuracy by including soil classes in the 

model. 

 

Conclusions 

 

In this study, it was seen that the yield estimation made with a single satellite image taken at the peak of 

vegetation can be made entirely accurate by following the phenological cycle of the product for which yield 

estimation will be made. With the plant pictures taken every week, plant height measurements, and farmer 

interviews, the plants' disease status, irrigation, and fertilizer application status were followed, and real-time 

ground reference information was provided. The GCT tool and the object-based classification method, which 

converts RGB to HSI, were used to determine the CCF added to the yield estimation model. It was determined 

that the CCF values obtained by these two methods were generally compatible. However, the CCF value obtained 

from the camera image of field 11 in 2014 due to the negative effect of illumination with the GCT tool on June 27 

was calculated as 0.792, while the vegetation section value, which was converted from RGB to HSI and determined 

by object-based classification, was calculated as 0.918. It was analyzed that this difference was due to the low 

performance of the segmentation algorithm of the GCT tool and its insufficiency against the illumination 

conditions. For this reason, the method that converts RGB values to HSI values was used. 
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In this study, LUE-based yield models were tested. While determining the yield model, yield estimation was 

made in the fertile lands where corn and sunflower are planted in the Osmaniye Kadirli region, where agriculture 

is intensively done, with satellite images dated 2014, 2015, and 2016. To calculate the LUE yield model, fPAR, 

PAR, temperature, and soil moisture index parameters were determined. To determine these parameters, the 

average value method was used to spread the meteorological data (daily minimum temperature, daily maximum 

temperature, daily solar radiation, daily average wind speed, etc.). NDVI, vegetation section data, and 

meteorological data obtained from satellite images and yield estimates made on a parcel basis in 2014, 2015, and 

2016 were compared with the yield values obtained by farmer declarations. At the end of this comparison, the 

mean relative errors of sunflower and corn plants as I, II, and III classes were calculated. For the corn plant, an 

average of 0.101 relative error was calculated in yield model 1, which was established with 2014 data, an average 

of 0.087 relative errors in yield model 2, an average of 0.096 relative errors in yield model 3, and an average of 

0.080 relative errors in yield model 4. When the results of all yield models were analyzed on a parcel basis, it was 

seen that the models except yield model 3 were compatible with the field data. 

In the literature, yield estimation can be made quite frequently and accurately with multiple satellite images 

(Ines & Honda, 2005). On the other hand, yield prediction studies using a single satellite image are quite limited. 

In the studies conducted, the effect of soil classes on the yield model was not taken into account (Lobell et al., 

2003). Within the scope of this thesis, yield predictions of corn and sunflower plants were made with high accuracy 

by including soil classes in the model. It was determined that there was a linear relationship between land classes 

and yield. Yield models were calculated with a single satellite image taken on the most suitable date and were 

verified repeatedly for 3 years. As a result, it has been revealed that corn and sunflower yield can be determined 

on a parcel basis with a single satellite image with an average relative error of 0.10. 

When estimating yield with a single satellite image, satellite image selection should be made taking into 

account the fact that different agricultural plants will be planted in the region and the differences in the 

development speed and duration of these plants. When determining single-dated images, the most appropriate 

period should be selected by taking into account the development status of the species planted at the same or 

recently. 
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