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ABSTRACT: 

 

Due to food security and agricultural land management, it is crucial for decision makers and farmers to predict crop yields. In remote 

sensing based agricultural studies, spectral resolutions of satellite images, as well as temporal and spatial resolution, are important. In 

this study, we investigated whether there is a relationship between the Normalized Different Vegetation Index (NDVI) and Normalized 

Different Vegetation Index Red-edge (NDVIred) indices derived from the Sentinel-2 satellite. In addition, the efficiency of linear 

regression, Convolutional Neural Network (CNN), and Artificial Neural Network (ANN) techniques are examined with the use of 

indices in yield estimation. In this context, yield data of 48 sunflower parcels were obtained in 2018. The obtained results showed that 

both NDVI and NDVIred can be used to estimate the yield of sunflowers. The best results were obtained from the combination of the 

NDVI and the CNN technique with the RMSE equal to 20,874 Kg/da on 30 June 2018. Concerning the results, although there is not 

much superiority between the two indices, the best results were generally obtained from CNN as the method. 

 

 

1. INTRODUCTION 

Agriculture has a key role in economic development of the 

countries, increasing food security and social well-being, and 

limiting the impact of the climate change (Mok et al., 2014; 

Byerlee et al., 2009; Palatnik and Roson, 2012). The food 

scenario of the world has been changing so fast due to the 

increase in global population. Since the arable land resources are 

limited and the number of these resources has been decreasing 

day by day, the pressure on presently productive land is greater 

than ever before (Seelan et al., 2003). It is also projected that the 

arable land will decline to about 0.15 ha per capita by 2050 (Lal, 

1991). Moreover, the global demand for food is projected to 

increase by 1.5–2 times between 1990 and 2030 (Daily et al., 

1998). Therefore, it is crucial to increase the productivity and the 

number of the agricultural lands as well as to develop a 

sustainable development strategy for food security.  

 

Food security is one of the critical issues for every government 

and country. In this context, accurate and timely crop yield 

estimation is extremely valuable for decision makers and crop 

producers. Various methods are available for crop yield 

estimation at different scales, from plot to continental scale. 

Direct methods, which refer to the ground measurements, 

represent reliable yield estimations; however, they are not cost- 

and time-effective, and it is too difficult to apply these methods 

over large areas (Burke and Lobell, 2017). Crop growth models, 

which include ecophysiological processes to simulate crop 

growth, development, and yields according to soil characteristics, 

agricultural practices, and meteorological data, are the other ways 

of crop yield estimation (Leroux et al., 2019). On the other hand, 

remote sensing (RS) technology can provide higher field 

coverage and functional preliminary information about the 

growing crops for a better productivity and yield estimation 

(Narin and Abdikan, 2020). 

 

Nowadays, RS data, acquired from ground-based, airborne-

based, and/or space-based platforms, have been widely used in 

agricultural applications such as weed mapping (Lamb and 

Brown, 2001), water content mapping of crops (Tilling et al., 

2006), soil properties mapping (Barnes et al., 2003), and yield 

estimation (Fieuzal et al., 2017; Ali et al., 2019; Kayad et al., 

2019; Narin and Abdikan, 2020; Ouattara et al., 2020). 

Concerning the yield estimation studies with RS data, various 

models such as statistical, numeric, and/or machine learning 

(ML) approaches are utilized to define the relationship between 

yield and other variables that are related to the yield. Among 

these methods, ML techniques generally provide better 

performance and higher accuracy compared to the conventional 

methods since they learn to model complexity through training 

(Kayad et al., 2019). More details about machine learning 

approaches for crop yield prediction can be found in the review 

paper of Chlingaryan et al. (2018). 

 

This study has three main objectives; (1) to estimate sunflower 

yield using Sentinel-2 based Vegetation Indices (VIs) and three 

methods including two machine learning approaches, namely, 

Artificial Neural Network (ANN) and Convolutional Neural 

Network (CNN), and linear regression. (2) To investigate the 

performance of three methods in yield estimation with satellite 

imagery. (3) To examine the effectiveness of two vegetation 

indices, namely, Normalized Difference Vegetation Index 

(NDVI) and NDVI red-edge (NDVIred), in yield estimation with 

the corresponding methods. As a crop type, sunflower, which is 

one of the four most important annual crops in the world grown 

for edible oil (Putt, 1977), was considered in this study. In 

addition, the study was conducted in an agricultural area in Zile 

district,Tokat province, Turkey, at plot scale. 

 

2. MATERIALS AND METHODS 

 

In this study, the relationship between yields of the sunflower 

plant and Sentinel-2 based vegetation indices (NDVI and 

NDVIred) was investigated. A field survey was conducted for the 

determination of parcel boundaries, and yield information was 

obtained from the farmers. Sentinel-2 images of 30 June, 8 July, 

and 10 July were selected in the study. The reason for choosing 

these images is that the highest correlation was seen in these three 
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dates in our previous study (Narin and Abdikan, 2020). To 

identify the relationship between yield and vegetation indices at 

the plot scale, the pixels close to the parcel boundaries were not 

chosen, and the reflection from the adjacent parcels was tried to 

be minimized. Between the selected pixels and the yield, linear 

regression, CNN, and ANN methods are used to estimate the 

seasonal yield. The cross-validation (4-fold) technique was used 

for data of 48 yield estimation (36 fields for training and 12 fields 

for testing). In cross-validation, training and testing groups are 

changed four times and their mean is considered for evaluation. 

The each approach was evaluated using RMSE and R2 calculated 

from the equation 1 and equation 2 given below. Besides, the 

workflow of the methodology is given in figure 1. 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑦𝑖

𝑎𝑐𝑡 − 𝑦𝑖
𝑐𝑎𝑙)𝑛

𝑖=1      (1) 

 

where 𝑛 is the number of parcels, 𝑦𝑖
𝑎𝑐𝑡 is the known value, and 

𝑦𝑖
𝑐𝑎𝑙  is the value produced by the linear regression, CNN, and 

ANN. 

 

𝑅2 =
∑(𝑦𝑖

𝑎𝑐𝑡−𝑦𝑖
𝑎𝑐𝑡̅̅ ̅̅ ̅̅ )(𝑦𝑖

𝑐𝑎𝑙−𝑦𝑖
𝑐𝑎𝑙̅̅ ̅̅ ̅̅ )

√∑(𝑦𝑖
𝑎𝑐𝑡−𝑦𝑖

𝑎𝑐𝑡̅̅ ̅̅ ̅̅ )2(𝑦𝑖
𝑐𝑎𝑙−𝑦𝑖

𝑐𝑎𝑙̅̅ ̅̅ ̅̅ )2

   

   (2) 

where 𝑦𝑖
𝑎𝑐𝑡 is the measured sunflower yield and 𝑦𝑖

𝑐𝑎𝑙  is estimated 

sunflower yield,  𝑦𝑖
𝑎𝑐𝑡̅̅ ̅̅ ̅̅  and 𝑦𝑖

𝑐𝑎𝑙̅̅ ̅̅ ̅ the average measured and 

estimated sunflower yield. 

  

 
Figure 1. The workflow of the methodology. 

 

2.1 Study Area and Sunflower Plants 

The study area is located in Zile district of Tokat province, 

Turkey (Figure 2). Zile district is lying on 70 km west of the 

center of Tokat, between 35° 25' and 36° 6' east longitudes, 40° 

4' and 40° 26' north latitudes, and its average altitude is 710m 

above sea level. It has a continental climate. The mean annual 

temperature is 11.7 oC and the mean annual rainfall is 436 mm in 

the Zile district (Climate Data). The soil structure in the study 

area is clayey and the clay contents of the parcels vary between 

45% and 55%, and the amount of organic matter in the soil varies 

between 7.13% and 8.23%. Sunflower plants are planted in the 

region in early May and harvested after about 4 months. 48 

sunflower parcels were observed and the average yield value for 

sunflower is about 321 kg/ha in the study area. The yield 

information in the study was obtained from the farmers. 

 

 

 
Figure 2. Location map of the study area and test sites. 

 

2.2 Sentinel-2 Satellite Data and Vegetation Indices 

In our study, we used the Sentinel-2 mission that allowed optical 

observations of the world since March 7, 2017. The mission is 

now a constellation with two satellites, Sentinel-2A and Sentinel-

2B, and these satellites have 13 spectral bands with different 

spatial resolutions. To generate the indices, we used band 4 (Red) 

and band 8 (NIR) with a spatial resolution of 10 m and band 5 

(Red-edge) with a spatial resolution of 20 m (Table 1). We used 

the Bottom of Atmosphere (BOA) corrected Level-2A images 

(ESA). In addition, Sentinel Application Platform (SNAP) 

software was used for VIs calculation and pixel resampling 

processes.  

 
Equation VIs Name References 

(B8-B4)/(B8+B4) NDVI (Rouse et al. 1974) 

(B8-B5)/(B8+B5) NDVIred (Gitelson and Merzlyak 1994) 

Table 1. VIs extraction from Sentinel-2 satellite data. 

2.3 Linear Correlation  

In order to estimate the yield, firstly, linear regression functions 

were created between the VIs and yield values. Since the 

correlation coefficient represents the strength and relationship 

between two variables, the linear regression function uses 

Equation 3 to express this relationship; 

 

𝑦 = 𝑎 + 𝑏𝑥 + 𝜀       (3) 
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where 𝑦 is the dependent and 𝑥 is the independent variable, 𝑎 is 

the slope, 𝑏 is the intercept and 𝜀 is the error (Yan and Su 2009). 

 

2.4 Artificial Neural Network 

Secondly, for the yield estimation, ANN approach was applied. 

ANNs are simulated based on biological neural networks. They 

consist of multi interconnected neurons with coefficients to 

compose a neural structure (Inyurt and Sekertekin 2019).  

 

In this study, a backpropagation approach is used to train the 

multi-layer perceptron feed-forward network. While training the 

function, the most appropriate network structure was tried to be 

determined by the trial-and-error method in order to improve the 

transitions from the hidden layer to the output layer. The network 

structure is [1,18,1]. 

 

 
Figure 3. BPANN structure (Gullu and Narin 2019) 

 

2.5 Convolutional Neural Network 

In the last step, a deep learning algorithm Convolutional Neural 

Network (CNN) approach was tested. It was used to forecast 

different variables such as yield prediction of winter wheat (Mu 

et al. 2019), corn and soybean (Khaki et al. 2020), wheat and 

barley (Nevavuori et al. 2019), rice (Yang 2019), and also for 

hazard analysis such as forest fire modeling (Zhang et al. 2019), 

and landslide susceptibility analysis (Sameen et al. 2020). The 

CNN application was executed in R software (CNN Code). In our 

study, the Keras sequential model was used with a one-

dimensional CNN model. Relu function is used for activation. 

Concerning the model variables, filters and units were 256 and 

1024, respectively, and Adam optimization algorithm is used to 

optimize in CNN model. The number of the epochs was chosen 

as 250 to train the data of the model. 

 

3. RESULTS AND DISCUSSION 

The results showed that the CNN approach provided the best 

estimation compared to ANN and linear regression methods 

(Table 2). Among the three acquisitions, the lowest RMSE value 

was determined with the image acquired on 30th June. Once 

compared the indices for 30th June results, NDVI provided a 

slightly better result than NDVIred for CNN. In addition, NDVI 

provided better results with linear regression and ANN results 

compared to the NDVIred data. The images acquired in July 

provided similar results that the RMSE ranges between 27 kg/da 

and 31 kg/da. Between two dates image acquired on 10th July 

estimated better yield values than 8th July. In the case of July, 

NDVIred resulted a lower RMSE values against NDVI. Except 

for the results of 8th July, CNN gave better results than the other 

approaches. The results of ANN provided the second best 

estimation after the CNN method.  

 

Coefficient of determination (R2) results also showed that the 

CNN approach has higher values compared to ANN and linear 

regression (Table 3). NDVIred has higher R2 value than NDVI 

on all acquisition dates, but they are almost the same in June. 

Among the three dates, 30th June has higher R2 values for all 

methods and indices.  

 

The results of the study determined a similar trend compared to 

the previous study Narin and Abdikan (2020). Additionally, it is 

also noticed that the inflorescence emergence stage of the 

sunflower is a better period to estimate the yield of sunflower for 

the region. However, in this study, ANN and CNN estimated 

higher R2 and lower RMSE values than linear regression. It is 

also indicated that the NDVIred can be an alternative index to 

NDVI.  

 

 

Date 

  

NDVI   NDVIred 

RMSE (Kg/Da)   RMSE (Kg/Da) 

Linear 

Regression 
CNN ANN 

Linear 

Regression 
CNN ANN 

30 June  

Grup 1 15.995 13.247 15.898 20.676 17.530 19.105 

Grup 2 21.989 20.603 18.828 21.667 18.264 21.079 

Grup 3 19.223 17.227 17.584 20.082 19.041 20.549 

Grup 4 33.34 32.418 31.423 32.265 29.655 29.821 

Mean 22.637 20.874 20.933 23.673 21.123 22.638 

8 July 

Grup 1 20.788 20.738 20.119 19.569 19.180 19.203 

Grup 2 29.938 28.209 22.932 27.610 26.046 25,771 

Grup 3 33.728 32.587 35.711 33.298 32.004 35.495 

Grup 4 44.822 42.687 44.116 41.282 40.601 40.326 

Mean 32.319 31.055 30.719 30.440 29.458 30,199 

10 July  

Grup 1 18.377 17.955 18.357 19.158 17.360 17.358 

Grup 2 26.275 24.846 25.814 23.183 21.577 22.055 

Grup 3 36.928 33.326 39.600 35.512 32.397 34.438 

Grup 4 42.939 41.761 41.414 39.473 36.986 38.853 

.Mean 31.130 29.472 31.139 29.332 27.080 28.176 

Table 2. RMSE results obtained from the methods and indices. 

Date 

R2 

NDVI NDVIred 

Linear 

Regression 
CNN ANN 

Linear 

Regression 
CNN ANN 

30 June 0.748 0.791 0.785 0.735 0.792 0.763 

8 July 0.495 0.535 0.552 0.553 0.592 0,567 

10 July 0.520 0.582 0.528 0.578 0.654 0.610 

Table 3. R2 results obtained from the methods and indices. 

4. CONCLUSIONS 

Accurate determination of agricultural parameters is important 

for monitoring policies and rapid decision-making on crops. The 

yield of crops for each parcel is one of the critical parameters and 

it conventionally can be determined after the harvest of the crop. 

However, its earlier estimation is important to manage water 

usage and to take precautions when necessary during their 

growing periods. Thus, the use of remote sensing data enable 

monitoring agricultural fields for long periods, and enables 

estimating the yield information before the harvesting period of 

the crops. 
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In this study, the contribution of linear regression, ANN, and 

CNN were tested to estimate crop yield with satellite image   

based vegetation indices. For the analysis, the sunflowers are 

monitored during the growing period, and three images were 

considered for the estimation according to previous studies. 

Although the dataset was limited, we were able to train the 

network in both CNN and ANN. It is useful to try the method in 

places where there are more data sets. It is concluded that the 

CNN gave slightly better results compared to both the ANN and 

the linear regression. Both NDVI and NDVIred derived from 

Sentinel-2 data provided good results for all combinations. The 

best estimation is determined for 30th of June image that is 

corresponding to the inflorescence emergence stage of the 

sunflower. The study showed that the Sentinel-2 based NDVI and 

NDVIred can be used to determine the yield of the sunflower 

before the harvesting period.  
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