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Abstract 

 

The aim of the study was to use a technique based on aerial images (UAV) to wheat production estimation. The 

images were taken with the drone (UAV, DJI Phantom 4) at different image capture heights (ICH), in the range of 

1.5 - 50 m from the ground level, and resulted in 18 sets of images (trials, T). The resized images (crop image, 1,000 

x 2,000 pixels) were analyzed and the information for RGB color parameters was obtained. Very strong correlations 

were recorded between color parameters R and G (r=0.993), as well as between these two color parameters and 

ICH (r=0.940 in the case of R, respectively r=0.918 in the case of G). Based on the trials distribution in the PCA 

diagram and in the CA dendrogram, 14 trials (T1, T3-T6, T8-T10, T12-T14, T16-T18) were selected for Training & 

model construction (Tmc), and four trials (T2 , T7, T11 and T15) for were used for Testing & model validation 

(Tmv). Through the regression analysis, a wheat production estimation model was obtained based on RGB 

parameters under statistical safety conditions (R2=0.999, p<0.001). Flowchart diagram of process was proposed 

for the present study, and the work process, respectively the obtained models can be adapted for various other 

agricultural crops. 
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INTRODUCTION  
 

Techniques based on imaging analysis have 

penetrated more and more into agricultural 

practices, and the facilities offered by these 

techniques are successfully used for the 

management of the farm, land and agricultural 

crops [2, 14, 21, 24]. 

Unmanned aerial vehicles (UAVs) have 

already been used for more than a decade in 

different approaches of general or specific 

aspects in agriculture, and facilitate studies 

and decisions in the optimization of 

technologies and productions for different 

crops [22, 27]. 

UAV-based techniques have been used in the 

study of land surfaces and modeling of 

different land categories [7], land 

administration [28], classification and 

phenotyping of agricultural crops [4, 29]. 

In the case of cereal crops, drones were used 

for observations, collecting images and data 

for the purpose of evaluating the state of the 

crops, characterizing different genotypes, and 

substantiating decisions to optimize yields [5, 

20]. 

In the case of wheat crops, UAVs were used 

to evaluate some growth parameters and the 

status of wheat plants [9, 32], the evaluation 

of some foliar and physiological indices in 

wheat plants [34], plants nutritional status 

assessment [11], plants relationship with the 

water regime and the diagnosis of water stress 

in wheat [11, 37], wheat lodging [35], wheat 

biomass [15], wheat yield prediction [36], 

prediction of production variability and some 

wheat quality indices [38]. The use of UAVs 

in the study of crops presents a series of 

advantages, such as affordable costs, high 

image resolution, ease of use and flexibility of 

movement, which has made their popularity 

grow in agricultural practice [1, 19]. 

The present study used imaging analysis 

techniques, based on aerial images (UAV) in 

order to formulate a process flowchart 

diagram and production prediction models for 

the wheat crop, based on the spectral 

information from the captured digital images. 
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MATERIALS AND METHODS  
 
The study was carried out at the Agricultural 

Research and Development Station Lovrin 

(ARSD), Timis County, Romania. The wheat 

crop, 'Dacic' cultivar, was taken into account 

in the present study. 

Wheat crop was carried out on plot 4-7 

Lovrin, on a chernozem type soil, in non-

irrigated conditions, agricultural year 2021-

2022.  

The crop technology ensured disking soil 

tillage, sowing at the optimal time (Dacic 

wheat cultivar, seed of the superior biological 

category), mineral fertilization before sowing 

and in vegetation (NPK complex fertilizers, 

ammonium nitrate), foliar fertilization in 

vegetation (Naturamin), post-emergence weed 

control (Sekator, Falcon Pro), phytosanitary 

treatments. 

A DJI Phantom 4 drone was used to take the 

images. The images were captured at different 

heights (ICH), from 1.5 m to 50 m above 

ground level.  

Identical camera settings (FC330 camera 

model) were used for image acquisition. The 

images were taken at physiological maturity, 

BBCH code 9, Senescence [17]. Digital 

images were taken at 18 different heights in 

the specified range (1.5 to 50 m), Figure 1. 

 

 

 

 

 

 

(a) (b) 

Fig. 1. Aspects of image capture in wheat culture; (a) DJI Phantom 4 drone and image capture height (ICH); (b) 

selective presentation from the set of 18 images, relative to ICH 

Source: Original figure, photos and concept of the authors. 

 

The crop was mechanically harvesting, and 

the average production recorded, under the 

conditions of the 2021-2022 agricultural 

years, was 5,026 kg ha-1. The images were 

processed by resizing (crop size, central area) 

in order to select a unitary area for analysis, 

with 1,000 x 2,000 pixels dimensions. The 

images were analyzed to obtain the spectral 

data, the RGB color system [23]. 

The data recorded by the study were analyzed 

by the ANOVA test, as well as by other 

appropriate statistical methods to quantify the 

relationship between the spectral values 

obtained from the aerial images (UAV), the 

images capture height, and production. 

Based on PCA (Principal Component 

Analysis) and CA (Cluster Analysis), a 

number of 14 variants (T1, T3-T6, T8-T10, 

T12-T14, T16-T18) were selected for 

Training & model construction (Tmc) , and 4 

other variants (T2, T7, T11 and T15) that 

were used for Testing & model validation 

(Tmv). Flowchart diagram concept of process 

used for this study is presented in Figure 2. 
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Fig. 2. Flowchart diagram of process used for this study 

Source: Original figure, concept of the authors. 

 

To confirm the safety of the data analysis and 

the results obtained, various appropriate 

statistical parameters were used; correlation 

and regression coefficients r, R2; p parameter; 

RMSEP, equation (1), REP; and the 

Cophenetic coefficient. 

 

( )
2n

1 jy
n

1
RMSEP  =

−=
j jy


           (1) 

 

Data analysis and processing was done with 

the EXCEL calculation module, Microsoft 

Office, and PAST [8, 10, 33]. 

 

RESULTS AND DISCUSSIONS 

From the analysis of the digital images 

captured on the 18 height positions, relative to 

the ground level, the RGB spectral values 

were obtained. From the set of retrieved 

images, in the range of 1.5 - 50 m height 

(ICH), two categories of images use were 

established, respectively 14 images were used 

for Training & model construction (Tmc), and 

4 images were used for Testing and model 

validation (Tmv).  

Table 1 shows the variants (T1 to T18) in 

relation to the image capture height (ICH, m), 

the categories of images use (Tmc, Tmv), the 

RGB spectral values, and the calculated 

values for the standard error (SE). 
 



Scientific Papers Series Management, Economic Engineering in Agriculture and Rural Development  
Vol. 23, Issue 4, 2023 
PRINT ISSN  2284-7995, E-ISSN 2285-3952  

170 

Table 1. The RGB spectral values for the wheat crop, in 

relation to the images capture height, 'Dacic' cultivar 

Trial 

Images 

usage 
category 

ICH 

(m) 

Spectral data 

R G B 

T1 Tmc 1.5 132.4 87.68 48.13 

T2 Tmv 2 127.29 80.83 42.94 

T3 Tmc 3 123.25 77.11 40.2 

T4 Tmc 4 124.6 78.9 41.04 

T5 Tmc 5 123.74 78.53 39.94 

T6 Tmc 6 126.04 81.14 41.56 

T7 Tmv 7 125.13 80.67 41.42 

T8 Tmc 8 127.62 82.85 42.32 

T9 Tmc 9 126.86 79.19 36.33 

T10 Tmc 10 128.19 80.32 36.56 

T11 Tmv 15 133.79 88.94 45.36 

T12 Tmc 20 136.53 91.96 47.18 

T13 Tmc 25 141.09 95.7 47.86 

T14 Tmc 30 144.15 98.88 50.08 

T15 Tmv 35 144.56 98.65 48.19 

T16 Tmc 40 145.38 99.21 47.81 

T17 Tmc 45 145.88 99.26 47.1 

T18 Tmc 50 146.59 99.95 47.45 

SE   ±2.08 ±2.06 ±0.99 

Note: Tmc - Training & model construction; Tmv - 

Testing & model validation 

Source: Original data from images analysis. 

 

The ANOVA test, single factor, was used to 

analyze and evaluate the recorded data, under 

the aspect of statistical safety and the presence 

of the variance, and the results obtained are 

presented in Table 2 (p<0.001, F=435.2939, 

Alpha=0.001). 
 

Table 2. ANOVA test 
Source of 

Variation 
SS df MS F P-value F crit 

Between 

Groups 
139993.7 3 46664.58 435.293 2.67E-44 6.0766 

Within 

Groups 
7289.768 68 107.203    

Total 147283.5 71     

Source: Original data, obtained by calculation. 

 

Based on the coefficient of variation (CV), it 

was assessed that high variability was 

recorded in the case of the G color parameter 

(CVG=9.9960), intermediate values were 

recorded in the case of the B color parameter 

(CVB=9.6311), and low variability of 

recorded in the case of the R color parameter 

(CVR=6.6009). 

The correlation analysis highlighted very 

strong and strong, positive correlations 

between the values of the color parameters 

(RGB) and in relation to the image capture 

height (ICH), under statistical safety 

conditions (**p < 0.01, ***p < 0.001), Table 3. 

 
Table 3. Correlation table 

Variable  ICH R G B 

1. ICH Pearson's r —    

 p-value —    

2. R Pearson's r 0.940*** —   

 p-value < .001 —   

3. G Pearson's r 0.918*** 0.993*** —  

 p-value < .001 < .001 —  

4. B Pearson's r 0.654** 0.830*** 0.879*** — 

 p-value 0.003 < .001 < .001 — 

Source: Original data, obtained by calculation. 

 

The regression analysis described the 

variation of the color parameters G in relation 

to R, equation (2), under statistical safety 

conditions (R2=0.989, p<0.001), Figure 3. 

 

767,319.856483.0001622.0G 23 +−+−= xxx     (2) 

 

where:  

x – R, the values of the R color parameter 
 

 
Fig. 3. Graphical distribution of G values in relation to 

R 

Source: Original figure, based on data obtained. 

 

The variation of the R and G color parameters 

in relation to the image capture height (ICH) 
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was described by degree 2 polynomial 

equations, equations (3) and (4), under 

statistical safety conditions (R2=0.900, 

p<0.001, F=67.878 for R color parameter; 

R2=0.867, p<0.001, F=49.18 for G color 

parameter). In the case of B color parameter, 

the statistical safety was low, R2=0.445, 

p<0.05, F=6.0215.  

The graphic models of the R and G 

parameters variation in relation to ICH are 

shown in Figure 4 (a) and (b). 
 

7.122807.0006101.0R 2 ++−= xx            (3) 

85.768563.0007447.0G 2 ++−= xx           (4) 

 

where:  

x – ICH, image capture images (m) 

 

  
(a) (b) 

Fig. 4. The graphic distribution of R (a) and G (b) values in relation to the image capture height (ICH) in the wheat 

crop, 'Dacic' cultivar 

Source: Original figures based on recorded data 

 

According to PCA, correlation, the diagram 

presented in Figure 5 was obtained. The 

distribution of the trials (T1 to T18) was 

found in relation to the affinity to the RGB 

color parameter, as biplot. PC1 confirmed 

93.431% of variance, and PC2 confirmed 

6.4967% of variance.  

The trials distribution was the basis for 

selecting some variants for Training & model 

construction (Tmc) and other variants for 

Testing & model validation (Tmv). 

Cluster analysis (CA) was used to find out the 

grouping of the trials, based on Euclidean 

distances, according to the degree of 

similarity in relation to the RGB values 

obtained at the 18 cases of images capture 

heights.  

The dendrogram from Figure 6 was obtained, 

under statistical safety conditions (Coph corr. 

= 0.865). 

 
Fig. 5. PCA, correlation diagram  

Source: Original figure based on recorded data. 

 

The formation of two distinct clusters (C1 and 

C2) was found, and within each cluster there 
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are several sub-clusters. The grouping of the 

trials based on similarity, in relation to the 

RGB color parameter, was the basis for 

selecting some trials for Training & model 

construction (Tmc) and other trials for Testing 

& model validation (Tmv). 

To confirm the level of similarity, the SDI 

values were calculated, in relation to which 

the highest level of similarity was found 

between T16 and T17 trials (SDI=0.870), 

followed by trials T6 and T7 (SDI=1.034), 

trials T17 and T18 (SDI=1.050) respectively 

for the T15 and T16 trials (SDI=1.063). The 

set of SDI values for all studied variants (T1 

to T18) is presented in Table 4. 

The regression analysis facilitated the 

obtaining of some equations that described the 

production in relation to the spectral values 

resulting from the analysis of the digital 

images, captured at different heights (ICH). 

 

 
Fig. 6. Dendrogram of trials grouping based on 

Euclidean distances, in relation to RGB parameter 

values, 'Dacic' wheat cultivar 

Source: Original figure based on recorded data. 

Table  4. SDI values in the case of trials in relation to ICH, and RGB color parameters, UAV images, 'Dacic' wheat 

cultivar 
 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12 T13 T14 T15 T16 T17 T18 

T1  9.999 16.073 13.718 15.02 11.24 12.12 8.941 15.55 14.34 3.346 6.023 11.82 16.34 16.37 17.36 17.80 18.77 

T2 9.999  6.137 3.817 5.186 1.888 2.646 2.139 6.824 6.463 10.67 15.07 20.87 25.71 25.36 26.24 26.50 27.53 

T3 16.073 6.137  2.394 1.525 5.087 4.207 7.519 5.686 6.925 16.66 21.10 26.88 31.75 31.33 32.18 32.40 33.45 

T4 13.718 3.817 2.394  1.445 2.713 1.886 5.134 5.232 5.914 14.28 18.72 24.50 29.37 28.97 29.83 30.06 31.10 

T5 15.026 5.186 1.525 1.445  3.838 2.950 6.275 4.817 5.868 15.45 19.90 25.66 30.55 30.10 30.95 31.16 32.20 

T6 11.242 1.888 5.087 2.713 3.838  1.034 2.449 5.642 5.504 11.63 16.08 21.86 26.74 26.33 27.19 27.43 28.47 

T7 12.125 2.646 4.207 1.886 2.950 1.034  3.430 5.576 5.754 12.60 17.04 22.84 27.71 27.32 28.18 28.43 29.47 

T8 8.941 2.139 7.519 5.134 6.275 2.449 3.430  7.061 6.317 9.187 13.63 19.42 24.29 23.89 24.76 25.01 26.05 

T9 15.557 6.824 5.686 5.232 4.817 5.642 5.576 7.061  1.760 14.98 19.34 24.65 29.59 28.85 29.59 29.67 30.72 

T10 14.344 6.463 6.925 5.914 5.868 5.504 5.754 6.317 1.760  13.53 17.82 23.03 27.96 27.18 27.90 27.97 29.02 

T11 3.346 10.671 16.663 14.280 15.45 11.63 12.60 9.187 14.98 13.53  4.466 10.25 15.11 14.77 15.67 15.99 17.01 

T12 6.023 15.074 21.109 18.724 19.90 16.08 17.04 13.63 19.34 17.82 4.466  5.937 10.69 10.50 11.45 11.86 12.85 

T13 11.828 20.875 26.880 24.509 25.66 21.86 22.84 19.42 24.65 23.03 10.25 5.937  4.940 4.566 5.543 6.016 6.963 

T14 16.349 25.711 31.755 29.379 30.55 26.74 27.71 24.29 29.59 27.96 15.11 10.69 4.940  1.948 2.603 3.467 3.744 

T15 16.377 25.365 31.336 28.976 30.10 26.33 27.32 23.89 28.85 27.18 14.77 10.50 4.566 1.948  1.063 1.817 2.522 

T16 17.364 26.245 32.188 29.835 30.95 27.19 28.18 24.76 29.59 27.90 15.67 11.45 5.543 2.603 1.063  0.870 1.463 

T17 17.801 26.506 32.409 30.068 31.16 27.43 28.43 25.01 29.67 27.97 15.99 11.86 6.016 3.467 1.817 0.870  1.050 

T18 18.772 27.539 33.451 31.109 32.20 28.47 29.47 26.05 30.72 29.02 17.01 12.85 6.963 3.744 2.522 1.463 1.050  

Source: Original data, obtained by calculation. 

 

Thus, Y production was described in relation 

to R and G values based on equation (5) under 

general statistical safety conditions, R2=0.999, 

p<0.001, RMSEP=1.5526, REP=0.03. Based 

on the ANOVA test, the level of statistical 

confidence was found for all the coefficients 

of equation (5), p<0.001. Based on equation 

(5), a 3D model of production expression (Y) 

in relation to R and G was obtained, Figure 7, 

and a model in the form of isoquants, Figure 
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8. For high precision, up to 16 decimals for 

the equation (5) coefficients were used. 

 

fexydycxbyaxGR +++++= 22

),(Y
             (5) 

 

where:  

( )GR,Y – wheat production in relation to R and 

G; x – R spectral values; y – G spectral 

values; a, b, c, d, e, f – coefficients of the 

equation (5); a = -2.09485773; b = -

2.04843713; c = 200.37349341; d = -

191.04807646; e = 4.11077817; f = 0 

 

 
Fig. 7. The 3D graphic distribution of production (Y) in 

relation to the spectral values R (x-axis) and G (y-axis), 

Dacic cultivar 

Source: Original graph based on recorded and 

calculated data. 

 

 
Fig. 8. The graphical distribution in the form of 

isoquants of the production (Y) in relation to the 

spectral values R (x-axis) and G (y-axis), Dacic cultivar 

Source: Original graph based on recorded and 

calculated data. 

 

Equation (6) described the Y production in 

relation to the R and B values in general 

statistical safety conditions, R2=0.999, 

p<0.001, RMSEP=9.6026, REP=0.19. Based 

on the ANOVA test, the level of statistical 

safety for the coefficients x and x2 of the 

equation (6) was found, p<0.001. Based on 

equation (6), a 3D model of production 

expression (Y) in relation to R and B was 

obtained, Figure 9, and a model in the form of 

isoquants, Figure 10. 
 

fexydycxbyaxBR +++++= 22

),(Y
           

(6) 

 

where:  

( )BR,Y – wheat production in relation to R and 

B; x – R spectral values; y – B spectral values; 

a, b, c, d, e, f – coefficients of the equation 

(6); a = -0.15562396; b = -0.17124354; c = 

56.95051393; d = 54.21621582; e = -

0.31153661; f = 0 
 

 
Fig. 9. The 3D graphic distribution of production (Y) in 

relation to the spectral values R (x-axis) and B (y-axis), 

Dacic cultivar 

Source: Original graph based on recorded and 

calculated data. 

 

 
Fig. 10. The graphical distribution in the form of 

isoquants of the production (Y) in relation to the 

spectral values R (x-axis) and B (y-axis), Dacic cultivar 

Source: Original graph based on recorded and 

calculated data. 
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For high precision, up to 16 decimals for the 

equation (6) coefficients were used. 

Based on the trials distribution in the PCA 

diagram and in the CA dendrogram, 14 trials 

were selected for Training & model 

construction (Tmc), and four trials were used 

for Testing & model validation (Tmv), Table 

1. For Testing and model validation (Tmv), 

trials T2 and T7 were used, with a distinct / 

independent position in relation to RGB as 

biplot color parameters, respectively which 

were integrated into the C1 cluster, and trials 

T11 and T15, which were positioned in the 

PCA diagram associated with RGB 

parameters, and in the CA dendrogram they 

were included in the C2 cluster. 

The regression analysis was used to obtain the 

wheat production prediction model based on 

the spectral values of the RGB parameters 

(YRGB), obtained from the analysis of aerial 

images (UAV). Equation (7) was obtained, 

under statistical safety conditions, according 

to R2=0.999, p<0.001. For high precision, up 

to 12 decimal were used in the calculation for 

the coefficients of equation (7). According to 

the ANOVA test, the values of the 

coefficients of equation (7) showed statistical 

safety, p<0.001 for each equation coefficient 

(R, G, B). 
 

48.0574B122.6898G-102.5317RYRGB +=        (7) 

where:  

YRGB – Model of production estimation based 

on RGB values; R, G, B – spectral values 

 

For the testing and validation of the obtained 

model, the values of the T2, T7, T11 and T15 

trials were used, in order to predict wheat 

production. The estimated production values 

and the error values compared to the 

measured production were obtained, Table 4. 
 
Table 4. Values of production predicted based on 

equation (7), Dacic wheat cultivar 

Trial Trial category 
ICH 

(m) 

YP  

(kg ha-1) 

Error  

(kg ha-1) 

T2 Tmv 2 5,197.829 168.829 

T7 Tmv 7 4,922.943 -106.057 

T11 Tmv 15 4,985.569 -43.431 

T15 Tmv 35 5,034.520 5.520 

Source: Original data, obtained by calculation. 

Different methods, techniques and models 

have been developed and used for wheat crop 

analysis [26] and for agricultural production 

estimation, in relation to plant species, crop 

conditions, category of agricultural products, 

harvest destination, development of 

agricultural policies, food safety and security 

[12, 13, 18, 31]. 

Along with the optimization of agricultural 

technologies [16, 25], production prediction is 

useful at the farm level from a logistical 

perspective, for organizing the process 

harvesting of agricultural crops, organization 

and dimensioning of transport, storage spaces, 

honoring commercial contracts, 

industrialization etc. [30]. 

Based on UAV techniques, high levels of 

prediction in the wheat crop (expressed on the 

basis of R2, RMSE, average error) were 

communicated by different authors in various 

studies conditions [3, 6, 36]. 

In the context of the present study, high 

precision was obtained in the prediction of 

wheat production based on UAV images, 

respectively of the RGB color parameters, in 

relation to the images capture hight (ICH), the 

absolute error being between 5.520 - 168.829 

kg ha-1. The obtained model showed high 

statistical safety (p<0.001), and the Flowchart 

diagram of process used can be adapted to 

different agricultural crops. 

 

CONCLUSIONS 
 
Based on the UAV images taken at different 

heights (ICH) of the wheat crop, the Dacic 

cultivar, it was possible to create a flowchart 

diagram of the process and obtain production 

prediction models in relation to the values of 

the RGB color parameters. 

Models of the type of polynomial equations 

were obtained through regression analysis, 

which described with statistical certainty the 

variation of RGB color parameters in relation 

to ICH. 

In relation to the PCA and CA analysis, ICH 

trials were selected for Training & model 

construction (Tmc), respectively for Testing 

& model validation (Tmv), and the obtained 

model facilitated the prediction of production 
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under conditions of statistical safety under 

conditions of maximum errors of up to to 

168.829 kg ha-1. 

Flowchart diagram of process and production 

prediction models can be adapted for different 

agricultural crops, in relation to the time and 

images capture height. 
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