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Abstract 
 
The study used the remote sensing method (Sentinel 2) to analyze the sunflower crop and to estimate the production. The 
study area was within the DES, ULS "King Mihai I" from Timisoara, Romania. Eight series of images were taken (April 
06 - August 07, 2022). Based on the spectral information, the NDMI, NDVI, NPCRI and NBR indexes were calculated. 
Spline models best described the variation of index values in relation to time (t, days) during the study period, 

04286.0ε −=  for NDMI, 01172.0ε =  for NDVI, 00537.0ε =  for NPCRI, respectively 08481.0ε −=  for NBR. Very 
strong correlations were found between NDVI and NDMI (r=0.975), between NBR and NDMI (r=0.997), and between 
NBR and NDVI (r=0.967), p<0.001. Strong correlation was recorded between NDVI and NPCRI (r=-0.881), p<0.01. 
Moderate correlations were found between NDMI and t (r=0.729), between NBR and t (r=0.752), between NPCRI and 
NDMI (r=-0.776), and between NBR and NPCRI (r=-0.762), p<0.05. The regression analysis facilitated the estimation 
of the production based on calculated indices, under conditions of statistical safety. 
 
Key words: prediction model, remote sensing, Sentinel 2, spline model, sunflower. 
 
INTRODUCTION 
 
Sunflower (Helianthus annuus L.) is a species of 
the Asteraceae Family, genus Helianthus, 
originating in North America (Yegorov et al., 
2019). It is one of the most cultivated composite 
species for its achenes with a high oil content. As 
a cultivated plant, it belongs to the category of 
oleaginous plants, with high importance for the 
products obtained from achenes, premium oil, 
food fibers, etc. (Khan et al., 2015). 
The sunflower is a plant cultivated all over the 
world, and its production represents an important 
resource for human and animal nutrition (Forleo 
et al., 2018; Yegorov et al., 2019; Adeleke & 
Babalola, 2020). The sunflower shows high 
ecological plasticity, with adaptability to 
different climate and climate conditions, a fact 
that made possible the cultivation on large areas 
all over the world and the development of 
specific culture technologies (Forleo et al., 
2018). In the conditions of some topoclimates 
(eg South Africa, India) the sunflower was found 
to be more productive and therefore more 
competitive, compared to other crops such as 
corn, soy or sorghum (Vijayakumar et al., 2016).  
Sunflower crop requires, for high and quality 
yields, fertile soils, moderate rainfall, balanced 

fertilization and an appropriate technology (Pal 
et al., 2015). Different genotypes of sunflower 
have been created, tested and cultivated under 
varied conditions of climate, soil and 
agricultural technologies (Debaeke et al., 2017; 
Agüera & de la Haba, 2021; Ma et al., 2022). 
The sunflower has been studied in relation to 
different fertilizing resources, biofertilizers, 
nanoparticles, etc. In order to manage the state 
of nutrition and vegetation for stable and quality 
production (Adeleke & Babalola, 2020; 
Pîrvulescu et al., 2015). 
As a result of the growing demand for products 
obtained from sunflower seeds (oil, protein, 
secondary products, etc.), the need to expand the 
areas cultivated with sunflowers, as well as the 
improvement of cultivation technologies, is 
appreciated (Taher et al., 2017). 
Along with basic cereals (e.g. wheat, rice, corn, 
sorghum) (Popescu, 2018; Popescu et al., 2018), 
on the international market, sunflower seeds 
have an important share  in the category of 
oleaginous plant seeds, along with rapeseed, 
soybean, peanut, cotton (Pal et al., 2015; 
Adeleke & Babalola, 2020). 
For the monitoring of agricultural crops, 
including the sunflower crop, different methods 
are used, direct or indirect, in order to obtain 
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precise information, in a short time, about the 
condition of the crop and to decide appropriate 
intervention measures. Techniques based on 
remote sensing and imaging analysis have been 
present for a long time in agricultural practice, 
for the proven advantages regarding the 
accuracy of the information (Govedarica et al., 
2015; Drienovsky et al., 2017; Li et al., 2021). 
The present study used the technique based on 
remote sensing to study sunflower crop and find 
yield estimation models. 
 

MATERIALS AND METHODS 
 
The study used imaging analysis techniques 
based on remote sensing to study and estimate 
sunflower production. The location of the 
sunflower crop was within the Didactic and 
Experimental Station (DES), University of Life 
Sciences "King Mihai I" from Timisoara, 
Romania (Figure 1). The soil was of cambic 
chernozem type, with medium fertility. The 
sunflower crop, the hybrid LP 170, was in a non-
irrigated system. 

 

 
Figure 1. Study area for sunflower crop 

 
The satellite images, Sentinel 2 system (Planet 
Team, 2017), were taken in eight moments 
during the vegetation period, between April 6 
and August 7, 2022. Eight series of images were 
obtained depending on the moment of taking the 
images (Ird1 to Ird8). 
Based on the spectral information, specific 
indices were calculated to analyze and 
dynamically evaluate the sunflower crop and to 
estimate the production obtained: NDMI 
(Wilson & Sader, 2002; Skakun et al., 2003), 
relation (1); NDVI (Rouse et al., 1974), relation 
(2); NPCRI (Merzlyak et al., 1999), relation (3), 
and NBR (Key and Benson, 2005), relation (4). 
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 The reliability of the data series for the 
calculated indices was evaluated based on the 
normal probability plot distribution and 

evaluated based on the correlation coefficient 
(r). 
In relation to the purpose of the study, the 
variation of the indices calculated over the 
period of time (t, days) was evaluated, to 
describe the evolution in the dynamics of the 
indices, associated with the vegetation of the 
sunflower crop. The level of correlation between 
the indices and also against the calculated time 
(t, days) was evaluated (correlation analysis). 
Sunflower production was estimated based on 
the calculated indices, in different combinations 
of indices (regression analysis) and 3D models 
were generated in the form of isoquants. The 
production prediction errors based on the 
considered indices, compared to the real 
recorded production (2200 kg ha-1) were 
calculated and represented graphically. 
Adequate statistical safety parameters were used 
to confirm the experimental results and the 
obtained models. For the processing and 
statistical analysis of the recorded data, the 
PAST (Hammer et al., 2001) and Wolfram 
Alpha (Wolfram, 2020) softwareas were used. 
 

 

RESULTS AND DISCUSSIONS 
 
From the analysis of satellite images, Sentinel 2 
system, the series of spectral data (1320 to 5276 
data) were obtained, based on which the 
considered indices, NDMI, NDVI, NPCRI and 
NBR, were calculated. The images were taken at 
eight different times during the vegetation 
period of the sunflower crop, between April 6 

and August 7. The number of days (t, days) 
between the moments of taking the images was 
calculated, starting as a reference from the first 
series of images from April 6. The values for the 
calculated time (t, days) and the average values 
for the calculated indices are presented in Table 
1. For example, the index map is presented in 
Figure 2. 

Table 1. The values of the indices calculated in relation to the moment of taking the satellite images 

Image retrieval date t (days) NDMI NDVI NPCRI NBR 

April 6 1 -0.17416481 0.070800796 -0.048160363 -0.117173584 

April 14 9 -0.14814533 0.092983668 -0.040466817 -0.103327509 

May 1 26 -0.14645975 0.10282609 -0.048389043 -0.092272542 

May 11 40 -0.12944663 0.122427449 -0.038695703 -0.068122035 

June 3 59 0.175237507 0.451134697 -0.090301327 0.373306611 

July 3 89 0.191429833 0.377913592 -0.071157147 0.388131549 

July 18 104 0.178021288 0.377709868 -0.064036433 0.345795004 

August 7 124 -0.00569765 0.16477045 -0.032475103 0.146249459 

 

 
Figure 2. Map the calculated indices at May 11, 2022, sunflower crop 

 
The distribution of the data series, for each 
index, was of a normal type, under statistical 
safety conditions (NDMI index: r=0.8636 in the 
case of Ird4 to r=0.990 in the case of Ird8; NDVI 
index: r=0.732 in the case of Ird4 to r =0.987 in 
the case of Ird5; NPCRI index: r=0.894 in the 
case of Ird6 to r=0.997 in the case of Ird3; NBR 
index: r=0.867 in the case of Ird4, and r=0.993 
in the case of Ird8). The graphic distribution, as 
normal probability plot, of the data series for the 
studied indices is represented in Figure 3, (a) - 
(d). 

The variation of the index values during the 
study period was described by spline models, 
under statistical safety conditions, estimated 
based on the average of errors ( ε ), equation (5). 
The statistical data resulting from the analysis of 
the variation for each index in relation to the 
time t (days) during the study period, are 
presented in Tables 2-5. The graphic 
distributions of the index values and spline 
models in relation to time (t, days) are shown in 
Figure 4 (a) - (d).
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precise information, in a short time, about the 
condition of the crop and to decide appropriate 
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series of images from April 6. The values for the 
calculated time (t, days) and the average values 
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1. For example, the index map is presented in 
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The distribution of the data series, for each 
index, was of a normal type, under statistical 
safety conditions (NDMI index: r=0.8636 in the 
case of Ird4 to r=0.990 in the case of Ird8; NDVI 
index: r=0.732 in the case of Ird4 to r =0.987 in 
the case of Ird5; NPCRI index: r=0.894 in the 
case of Ird6 to r=0.997 in the case of Ird3; NBR 
index: r=0.867 in the case of Ird4, and r=0.993 
in the case of Ird8). The graphic distribution, as 
normal probability plot, of the data series for the 
studied indices is represented in Figure 3, (a) - 
(d). 

The variation of the index values during the 
study period was described by spline models, 
under statistical safety conditions, estimated 
based on the average of errors ( ε ), equation (5). 
The statistical data resulting from the analysis of 
the variation for each index in relation to the 
time t (days) during the study period, are 
presented in Tables 2-5. The graphic 
distributions of the index values and spline 
models in relation to time (t, days) are shown in 
Figure 4 (a) - (d).
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Figure 3. Graphical distributions of data series in normal probability plot format, for calculated indices,  
in the study of sunflower crop 

 
Table 2. Statistical values, spline model, in the case of 

the NDMI index in relation to t during the study period, 
year 2022, sunflower crop 

Trial NDMI 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.17416 -0.16919 -0.02854 1 

Ird2 9 -0.14815 -0.15748 0.06298 0.93079 

Ird3 26 -0.14646 -0.15376 0.04984 0.90880 

Ird4 40 -0.12945 -0.09833 -0.24040 0.58118 

Ird5 59 0.17524 0.14947 -0.14706 -0.88344 

Ird6 89 0.19143 0.20524 0.07214 -1.21307 

Ird7 104 0.17802 0.16574 -0.06898 -0.97961 

Ird8 124 -0.00570 -0.00092 -0.83809 0.00545 
    0428.0ε −=   

Table 3. Statistical values, spline model, in the case of 
the NDVI index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NDVI 

Ird xi yi ysi ei Ii/1 

Ird1 1 0.07080 0.07372 0.04127 1 

Ird2 9 0.09298 0.08804 -0.05316 1.19421 

Ird3 26 0.10283 0.09446 -0.08142 1.28126 

Ird4 40 0.12243 0.14947 0.22086 2.02745 

Ird5 59 0.45113 0.42715 -0.05316 5.79399 

Ird6 89 0.37791 0.39513 0.04557 5.35966 

Ird7 104 0.37771 0.36340 -0.03789 4.92926 

Ird8 124 0.16477 0.16919 0.02683 2.29494 
    01172.0ε =   

 

Table 4. Statistical values, spline model, in the case of 
the NPCRI index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NPCRI 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.04816 -0.04724 -0.01921 1 

Ird2 9 -0.04047 -0.04230 0.04530 0.89552 

Ird3 26 -0.04839 -0.04568 -0.05596 0.96710 

Ird4 40 -0.03870 -0.04211 0.08825 0.89152 

Ird5 59 -0.09030 -0.08807 -0.02467 1.86457 

Ird6 89 -0.07116 -0.07242 0.01778 1.53323 

Ird7 104 -0.06404 -0.06315 -0.01387 1.33689 

Ird8 124 -0.03248 -0.03271 0.00736 0.69258 
    00537.0ε =   

 

 

Table 5. Statistical values, spline model, in the case of 
the NBR index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NBR 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.11717 -0.11439 -0.02373 1 

Ird2 9 -0.10333 -0.11038 0.06823 0.96494 

Ird3 26 -0.09227 -0.10554 0.14378 0.92263 

Ird4 40 -0.06812 -0.02123 -0.68835 0.18559 

Ird5 59 0.37331 0.33488 -0.10294 -2.92753 

Ird6 89 0.38813 0.40342 0.03939 -3.52671 

Ird7 104 0.34580 0.33542 -0.03002 -2.93225 

Ird8 124 0.14625 0.15040 0.02838 -1.31480 
    0848.0ε −=   
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Figure 4. Graphical distribution of the values of the calculated indices and spline models, in the study of the sunflower 
crop: (a) the NDMI index, (b) the NDVI index, (c) the NPCRI index, (d) the NBR index 

 
Very strong correlations were found between 
NDVI and NDMI (r=0.975), between NBR and 
NDMI (r=0.997), and between NBR and NDVI 

(r=0.967), under conditions of p<0.001. A 
strong correlation was recorded between NDVI 
and NPCRI (r=-0.881), under conditions of 
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Figure 3. Graphical distributions of data series in normal probability plot format, for calculated indices,  
in the study of sunflower crop 

 
Table 2. Statistical values, spline model, in the case of 

the NDMI index in relation to t during the study period, 
year 2022, sunflower crop 

Trial NDMI 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.17416 -0.16919 -0.02854 1 

Ird2 9 -0.14815 -0.15748 0.06298 0.93079 

Ird3 26 -0.14646 -0.15376 0.04984 0.90880 

Ird4 40 -0.12945 -0.09833 -0.24040 0.58118 

Ird5 59 0.17524 0.14947 -0.14706 -0.88344 

Ird6 89 0.19143 0.20524 0.07214 -1.21307 

Ird7 104 0.17802 0.16574 -0.06898 -0.97961 

Ird8 124 -0.00570 -0.00092 -0.83809 0.00545 
    0428.0ε −=   

Table 3. Statistical values, spline model, in the case of 
the NDVI index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NDVI 

Ird xi yi ysi ei Ii/1 

Ird1 1 0.07080 0.07372 0.04127 1 

Ird2 9 0.09298 0.08804 -0.05316 1.19421 

Ird3 26 0.10283 0.09446 -0.08142 1.28126 

Ird4 40 0.12243 0.14947 0.22086 2.02745 

Ird5 59 0.45113 0.42715 -0.05316 5.79399 

Ird6 89 0.37791 0.39513 0.04557 5.35966 

Ird7 104 0.37771 0.36340 -0.03789 4.92926 

Ird8 124 0.16477 0.16919 0.02683 2.29494 
    01172.0ε =   

 

Table 4. Statistical values, spline model, in the case of 
the NPCRI index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NPCRI 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.04816 -0.04724 -0.01921 1 

Ird2 9 -0.04047 -0.04230 0.04530 0.89552 

Ird3 26 -0.04839 -0.04568 -0.05596 0.96710 

Ird4 40 -0.03870 -0.04211 0.08825 0.89152 

Ird5 59 -0.09030 -0.08807 -0.02467 1.86457 

Ird6 89 -0.07116 -0.07242 0.01778 1.53323 

Ird7 104 -0.06404 -0.06315 -0.01387 1.33689 

Ird8 124 -0.03248 -0.03271 0.00736 0.69258 
    00537.0ε =   

 

 

Table 5. Statistical values, spline model, in the case of 
the NBR index in relation to t during the study period, 

year 2022, sunflower crop 

Trial NBR 

Ird xi yi ysi ei Ii/1 

Ird1 1 -0.11717 -0.11439 -0.02373 1 

Ird2 9 -0.10333 -0.11038 0.06823 0.96494 

Ird3 26 -0.09227 -0.10554 0.14378 0.92263 

Ird4 40 -0.06812 -0.02123 -0.68835 0.18559 

Ird5 59 0.37331 0.33488 -0.10294 -2.92753 

Ird6 89 0.38813 0.40342 0.03939 -3.52671 

Ird7 104 0.34580 0.33542 -0.03002 -2.93225 

Ird8 124 0.14625 0.15040 0.02838 -1.31480 
    0848.0ε −=   
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Figure 4. Graphical distribution of the values of the calculated indices and spline models, in the study of the sunflower 
crop: (a) the NDMI index, (b) the NDVI index, (c) the NPCRI index, (d) the NBR index 
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p<0.01. Moderate correlations were found 
between NDMI and t (r=0.729), between NBR 
and t (r=0.752), between NPCRI and NDMI 
(r=-0.776) and between NBR and NPCRI 
(r=-0.762), in conditions of p<0.05. The entire 
set of correlation values is presented in Table 6. 
 

Table 6. Correlation table (Pearson's correlation) 
between indices and time t during the study period, 

sunflower crop 

Variable   t NDMI NDVI NPCRI NBR 

t Pearson's r —     
p-value —     

NDMI Pearson's r 0.729* —    

p-value 0.04 —    

NDVI Pearson's r 0.589 0.975*** —   

p-value 0.125 < .001 —   

NPCRI Pearson's r -0.172 -0.776* -0.881** —  

p-value 0.684 0.024 0.004 —  

NBR Pearson's r 0.752* 0.997*** 0.967*** -0.762* — 
p-value 0.031 < .001 < .001 0.028 — 

* p < 0.05, ** p < 0.01, *** p < 0.001 
 
Starting from the safety of the data series for the 
calculated indices, according to the normal 

probability plot (Figure 2), the variation of the 
indices in relation to time t, through the spline 
model and the average error values, ε  (Tables 2 
to 5, Figure 2), the correlation values (Table 6), 
the regression analysis was used to estimate the 
production (Y, kg ha-1) of the sunflower crop 
based on the calculated indices.  
The general equation (6) was obtained, p<0.001, 
R2>0.996, and the values of the coefficients of 
the equation in relation to the pairs of indices (x, 
y) used for the analysis, are presented in Table 7.  
3D models and in the form of isoquants have 
were obtained, which graphically described the 
production variation in relation to the indices 
considered in the analysis, and in figure 5 some 
examples are presented. 
 

fexydycxbyax +++++= 22Y           (6) 
 
where: Y - sunflower production; 
x, y - indices considered in the analysis, Table 7 
 

 

Table 7. The values of the coefficients of equation (6) in relation to the indices considered in the analysis 

Equation (6) 
coefficients and 

parameters 

The values of the coefficients of equation (6) in relation to the indices considered in the analysis 

x – NDMI x – NDMI x – NDMI x – NDVI x – NDVI x – NPCRI 
y – NDVI y – NPCRI y – NBR y – NPCRI y – NBR y – NBR 

a -55734.64778 -22715.75357 -303178.16836 -34057.55589 -127902.31174 -827662.74508 
b -47644.18033 -692014.50431 -161874.17899 -383198.54438 -72481.34354 -16465.82801 
c -22344.09732 -5500.53919 -53023.34922 7979.74082 36859.00802 -96112.87084 
d 20973.17257 -88364.83490 39146.98933 -46907.22862 -22514.62071 -1470.24733 
e 101916.12439 -95770.96432 439526.06481 -106114.72007 178044.92298 -91902.82802 
f 0 0 0 0 0 0 

R^2 0.999 0.999 0.999 0.997 0.996 0.998 
p 0.00010 0.00086 0.00017 0.00456 0.00597 0.00207 

 
The sunflower production prediction errors were 
taken into account, in relation to the image 
retrieval date (Ird) and the combination of 
indices used for the analysis.  
The values obtained are represented graphically 
in figure 6. In relation to the moment of taking 
the images, and with the combination of indices 
used in the production prediction analysis (Y), 
the combination [Ird, Indices] can be chosen so 
as to obtain a predictive with high precision and 
accuracy. In the case of the present study, the 
error variation was between 1.145 [Ird1, 
NDMI&NBR] and 277.00 [Irg7, NDVI& NBR]. 
The analysis of the variability of the series of 
recorded errors, showed that in the case of the 
combination of NDVI and NBR indices, the 

most constant prediction of the production was 
recorded during the 8 dates of image retrieval 
(Ird), CV=1782.787, and the highest variability 
was recorded in the case of the combination of 
NDMI and NDVI indices associated with Ird 
(CV=13509.72). 
Prediction of production based on information 
even before harvesting is important for the 
proper management of crops, harvesting 
logistics, transport and utilization of agricultural 
products. Techniques based on remote sensing 
use data in the form of multispectral, 
hyperspectral, lidar or radar images (Ali et al., 
2022). 
 

 

 

 

 

 
(a) x – NDMI, y - NDVI (b) x – NDMI, y - NDVI 

 

 
 

 
(c) x – NDVI, y – NBR (d) x – NDVI, y – NBR 

 

 

 
 
 
 

 

(e) x – NPCRI, y - NBR (f) x – NPCRI, y - NBR 

Figure 5. 3D models (a), (c), (e) and in the models in the form of isoquants (b), (d), (f) regarding the variation of 
sunflower production in relation to the indices used 
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p<0.01. Moderate correlations were found 
between NDMI and t (r=0.729), between NBR 
and t (r=0.752), between NPCRI and NDMI 
(r=-0.776) and between NBR and NPCRI 
(r=-0.762), in conditions of p<0.05. The entire 
set of correlation values is presented in Table 6. 
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between indices and time t during the study period, 

sunflower crop 

Variable   t NDMI NDVI NPCRI NBR 

t Pearson's r —     
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p-value 0.684 0.024 0.004 —  

NBR Pearson's r 0.752* 0.997*** 0.967*** -0.762* — 
p-value 0.031 < .001 < .001 0.028 — 

* p < 0.05, ** p < 0.01, *** p < 0.001 
 
Starting from the safety of the data series for the 
calculated indices, according to the normal 

probability plot (Figure 2), the variation of the 
indices in relation to time t, through the spline 
model and the average error values, ε  (Tables 2 
to 5, Figure 2), the correlation values (Table 6), 
the regression analysis was used to estimate the 
production (Y, kg ha-1) of the sunflower crop 
based on the calculated indices.  
The general equation (6) was obtained, p<0.001, 
R2>0.996, and the values of the coefficients of 
the equation in relation to the pairs of indices (x, 
y) used for the analysis, are presented in Table 7.  
3D models and in the form of isoquants have 
were obtained, which graphically described the 
production variation in relation to the indices 
considered in the analysis, and in figure 5 some 
examples are presented. 
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where: Y - sunflower production; 
x, y - indices considered in the analysis, Table 7 
 

 

Table 7. The values of the coefficients of equation (6) in relation to the indices considered in the analysis 

Equation (6) 
coefficients and 

parameters 

The values of the coefficients of equation (6) in relation to the indices considered in the analysis 

x – NDMI x – NDMI x – NDMI x – NDVI x – NDVI x – NPCRI 
y – NDVI y – NPCRI y – NBR y – NPCRI y – NBR y – NBR 
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d 20973.17257 -88364.83490 39146.98933 -46907.22862 -22514.62071 -1470.24733 
e 101916.12439 -95770.96432 439526.06481 -106114.72007 178044.92298 -91902.82802 
f 0 0 0 0 0 0 

R^2 0.999 0.999 0.999 0.997 0.996 0.998 
p 0.00010 0.00086 0.00017 0.00456 0.00597 0.00207 

 
The sunflower production prediction errors were 
taken into account, in relation to the image 
retrieval date (Ird) and the combination of 
indices used for the analysis.  
The values obtained are represented graphically 
in figure 6. In relation to the moment of taking 
the images, and with the combination of indices 
used in the production prediction analysis (Y), 
the combination [Ird, Indices] can be chosen so 
as to obtain a predictive with high precision and 
accuracy. In the case of the present study, the 
error variation was between 1.145 [Ird1, 
NDMI&NBR] and 277.00 [Irg7, NDVI& NBR]. 
The analysis of the variability of the series of 
recorded errors, showed that in the case of the 
combination of NDVI and NBR indices, the 

most constant prediction of the production was 
recorded during the 8 dates of image retrieval 
(Ird), CV=1782.787, and the highest variability 
was recorded in the case of the combination of 
NDMI and NDVI indices associated with Ird 
(CV=13509.72). 
Prediction of production based on information 
even before harvesting is important for the 
proper management of crops, harvesting 
logistics, transport and utilization of agricultural 
products. Techniques based on remote sensing 
use data in the form of multispectral, 
hyperspectral, lidar or radar images (Ali et al., 
2022). 
 

 

 

 

 

 
(a) x – NDMI, y - NDVI (b) x – NDMI, y - NDVI 

 

 
 

 
(c) x – NDVI, y – NBR (d) x – NDVI, y – NBR 

 

 

 
 
 
 

 

(e) x – NPCRI, y - NBR (f) x – NPCRI, y - NBR 

Figure 5. 3D models (a), (c), (e) and in the models in the form of isoquants (b), (d), (f) regarding the variation of 
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Figure 6. Graphical representation of the predictive errors of sunflower production in relation to Ird and the 

combination of indices used in the analysis 
 
Different studies have reported results, under 
varying conditions of statistical certainty, 
regarding the production estimation of 
agricultural crops at different territorial levels of 
approach (plot, farm, and region) (Yli-Heikkila 
et al., 2022). 
The accuracy of crop analysis and agricultural 
production prediction was studied in relation to 
different image acquisition methods (aerial, 
satellite, terrestrial), and acquisition conditions 
(crop vegetation stage, time of day for image 
acquisition, climatic conditions, etc.) in order to 
obtain more reliable estimation models, or to 
formulate correction factors (Sala et al., 2020; 
Yang et al., 2022).  
Yang et al. (2022) communicated the 
importance of the moment of taking the images 
in relation to the crop stages for the accuracy of 
yield prediction.  
The authors also communicated the variation of 
predictive certainty in the case of multi-temporal 
data compared to mono-temporal data in the 
corn crop, by taking images from the second leaf 
to maturity. In the synthesis of the results, the 
authors communicated that the high prediction 
certainty was a combination of the moments of 
taking the images with the type of data (mono-
temporal, multi-temporal) but also the 
calculated indices, and this led to a level of 
certainty of R2=0.93, RMSE=0.88 t ha-1. 
The results of this study bring a series of 
information and data, in relation to the 

production estimation of the sunflower crop 
based on satellite images, Sentinel 2, and can be 
adapted to other agricultural crops in order to 
provide data for an adequate management of the 
crops and farm level decisions. 
 
CONCLUSIONS 
 
The study method based on remote sensing and 
calculated indices ensured the spectral 
information obtaining that facilitated the 
description of the sunflower crop during the 
study period, respectively of the 8 moments of 
taking satellite images. 
The distribution of the data series, in the case of 
each calculated index, was in conditions of 
normality and statistical safety. 
Spline models described with high statistical 
certainty the variation of index values in relation 
to time (t, days) during the study period (124 
days). 
Very strong, strong and moderate correlations 
were recorded between the calculated indices, as 
well as in relation to time (t, dais) during the 
study period. 
The regression analysis facilitated the obtaining 
of some equations based on which it was 
possible to estimate the production of 
sunflowers under statistical safety conditions 
(p<0.001). High uniformity of the production 
prediction was registered under the conditions of 
using the NDVI and NBR indices, during the 8 
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series of Ird data. In relation to the time of taking 
the images and the combination of indices, 
based on the prediction error values, the best 
combination [Ird, indices] can be chosen for a 
high degree of prediction of sunflower 
production. 
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Figure 6. Graphical representation of the predictive errors of sunflower production in relation to Ird and the 

combination of indices used in the analysis 
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taking satellite images. 
The distribution of the data series, in the case of 
each calculated index, was in conditions of 
normality and statistical safety. 
Spline models described with high statistical 
certainty the variation of index values in relation 
to time (t, days) during the study period (124 
days). 
Very strong, strong and moderate correlations 
were recorded between the calculated indices, as 
well as in relation to time (t, dais) during the 
study period. 
The regression analysis facilitated the obtaining 
of some equations based on which it was 
possible to estimate the production of 
sunflowers under statistical safety conditions 
(p<0.001). High uniformity of the production 
prediction was registered under the conditions of 
using the NDVI and NBR indices, during the 8 
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series of Ird data. In relation to the time of taking 
the images and the combination of indices, 
based on the prediction error values, the best 
combination [Ird, indices] can be chosen for a 
high degree of prediction of sunflower 
production. 
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Abstract 
 
The article presents the results of studying the enzymatic activity of malate dehydrogenase in amaranth varieties and 
breeding populations of different ripeness groups and vegetation lengths. The studied amaranth species were A. caudatus 
L., A. mantegazzianus Passer., A. hybridus L., and A. hypochondriacus L. It was found that the enzymatic activity of 
malate dehydrogenase ensured the glyoxylate cycle functioning. The malate dehydrogenase activity varied depending on 
the enzyme accumulation during the initial stages of amaranth plant development. Isoenzyme analysis revealed two 
isoforms of malate dehydrogenase. It was noted that, in the studied amaranth species, the F-band was intrinsic to the 
early-ripening forms, while the late-ripening carried the S-band. In addition, we detected the malate dehydrogenase 
polymorphism and differences in the enzymatic activity and demonstrated that it was possible to use them as a biochemical 
marker in breeding. 
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INTRODUCTION 
 
Different researchers showed that efficient 
metabolism of carbon and nitrogen, which is 
ensured by morphological, physiological and 
biochemical characteristics of plants, was a 
basis of high performance of amaranths (Hoptsii 
et al., 2018; Castrillón-Arbeláez et al., 2016). 
The amaranth is a C4 plant. The main products 
of CO2 fixation in these highly productive plants 
are C4 acids (Ivanishchev, 2017; Shcherban, 
2020; El-Sharkawy, 2016). Amaranth seeds 
contain oil with a unique composition; it 
contains almost 80% of unsaturated fatty acids 
and a lot of squalene, compared to other 
agricultural crops (Affourtit, 2001; 
Makhmudov, 2020; Joshi & Verma, 2020). All 
of the above, combined with high yields, arouse 
great interest in amaranths and especially in 
using this crop in agricultural production. 
At early stages of plant development, global 
alterations of the differential expression of 
genes, in particular, affecting enzymes that 
ensure the functioning of vital metabolic 
pathways, occur (Chumikina et al., 2013; 
Castrillón-Arbeláez et al., 2016). Thus, at early 

developmental stages, the plant nutrition can be 
characterized as heterotrophic, since storage 
substances in seeds are used as sources of energy 
and biosubstrates, while photosynthesis 
becomes the main energy supplier at later stages 
of germination. Further, plant leaves intensively 
develop, so photosynthesis and autotrophic 
nutrition come to the fore in providing energy to 
the plant (Degtyaryova et al., 2015; Ivanishchev, 
2017; Castrillón-Arbeláez et al., 2016; Zelenkov 
et al., 2011). 
NAD-dependent malate dehydrogenase (MDH, 
EC 1.1.1.37) is involved in the most important 
metabolic processes in the cell (Voitsekovskaya 
et al., 2010; Babayev et al., 2014; Yudina, 2012; 
Amonovich et al., 2020). It is an oxidoreductase 
that catalyzes the oxidation of malic acid (L-
malate) to oxaloacetic acid (oxaloacetate) in the 
presence of the NAD+ cofactor. In plant cells, it 
exists in two forms: in mitochondria, it functions 
as a component of the Krebs cycle, providing 
energy to a young plant that is still incapable of 
photosynthesis at the early stages of 
development; in the cytoplasm, it plays the role 
of a shuttle mechanism between subcellular 
components and participates in acid metabolism. 


