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Abstract: This paper presents a case study of a barley field experiment that was periodically scouted using a drone spectral camera. The 

camera has 4 bands so barley was scouted using 4 wavelengths of light - Green, Red, Red Edge and Nir Infra Red (NIR). Based on these 

wavelengths it is possible to calculate different vegetation indexes known in science and practice. In this paper, 15 such indices were used. 

The research work concerned the observation of correlation between individual wavelengths and corresponding vegetation indexes. This 

paper seeks to emphasize the importance of particular wavelengths and spectral areas in crop scouting. 
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1. INTRODUCTION 

Sensors are available today which can accurately detect crop 

nitrogen status during the growing season. Algorithms have been 

developed which relate crop canopy reflectance in specific 

wavebands to how much nitrogen fertilizer is needed. Sensors can 

be either passive (using sunlight) or active (using an internal light 

source). Sensors can be used on a variety of platforms: handheld, 

ground or aerial vehicle, satellite. Active sensors can be used 

around the clock, regardless of cloud cover or sun angle [1]. With 

the global development of industry and population growth on Earth, 

there is a growing need for spatial data. They should provide a wide 

range of information that is useful in different spheres. The 

Unmanned Aircraft System (UAV) for air crop scouting consists of 

a multispectral camera and a camera carrier in the form of an 

unmanned aerial vehicle (UAV) - drone. Such systems are used 

primarily in agriculture for monitoring plant health, monitoring 

evapotranspiration and irrigation and for monitoring plant nutrition 

[2]. Farmers, agencies, agricultural research community and firms 

require access to tools to analyze and estimate stressed and 

productive regions to obtain higher yield. At present, this is 

performed manually using visual interpretation. Recently there has 

been some development in the detection and mapping of the 

stressed crop by use of hyperspectral analysis; but, there is an 

information gap between farmers and information about the location 

of the crop under stress in the given area[3]. The popularity of 

UAVs in scientific data gathering and applications, especially the 

use of small multi-rotor UAVs is quite widespread. These portable 

multi-rotor UAVs are portable, low-cost, highly maneuverable, and 

easy to handle. These features make such UAVs attractive to 

scientists and researchers worldwide. There has been a sudden spurt 

of UAV use in niche domains such as agriculture. Agriculturalists 

are choosing UAV-based field operations and remote sensing over 

the time-tested satellite-based ones, especially for local-scale and 

high spatiotemporal resolution imagery [1]. 

Generated maps of vegetation indexes on the basis of taken images 

of the experimental plot from the drone for different heights and 

overlaps showed no deviations between them. Therefore, for the 

further application of these maps as inputs during the first phase of 

precision agriculture, flight altitude and overlap during recording 

are not significant factors, especially when recording larger 

areas[4]. In the past several decades, remote sensing has played a 

vital role in providing up-to-date and detailed information for 

monitoring atmospheric and terrestrial environments at the regional, 

continental, and global scales. Such information is typically 

generated based on remotely sensed images processed into spectral 

vegetation indices. Among the various spectral vegetation indices 

derived from remotely sensed imagery, one of the most widely used 

vegetation indices is the normalized difference vegetation index 

(NDVI), which is defined as the difference between the red and 

near-infrared (NIR) reflectance divided by their sum. Previous 

studies showed that NDVI is strongly related to the fraction of 

absorbed photosynthetically active radiation (FPAR), leaf area 

index (LAI), and net primary production (NPP). NDVI has also 

been used in a range of applications including the study of 

vegetation–climate interactions, detection of long-term vegetation 

changes, assessment of vegetation functional characteristics  and 

modeling of the global carbon balance. Furthermore, NDVI time 

series data has been successfully used in a variety of applications, 

including global change investigations, phenological studies, crop 

growth monitoring and yield prediction, drought and desertification 

monitoring, wildfire assessment, and climatic and biogeochemical 

modeling [5]. 

 

2. MATERIALS AND METHODS 

2.1. Materials 

When planning a UAS flight just before crop scouting, the operator 

is tasked with specifying the flight altitude and switching of 

successive shots. Reconnaissance was first performed for an altitude 

of 70 m with 60% in recording overlap. The weather for field 

reconnaissance was ideal. During this experiment, a Parrot 

Bluegrass UAV with propellers equipped with a 4-channel Parrot 

Seqouia multispectral camera was used. Channel have own wave 

length: Green (550 nm +/- 40 nm), Red (660 nm +/- 40 nm), 

RedEdge (735 nm +/- 10 nm) and NearInfraRed - NIR (790 +/- 40 

nm). Drone management was performed through an Parrot Fields 

manufacturer's application installed on the remote computer. Crop 

for scouting was barley. 

2.2. Methods 

Correlation describes the intensity and direction of the linear 

relationship between the two variables. With the IBM SPSS 

Statistics v.21 software, it is possible to calculate the Spirman's 

correlation coefficient 𝑟0. This coefficient is suitable for ordinal 

quantities or ranked quantities. The correlation value can be 

between 0 and 1. Various authors give different interpretations, 

however, Cohen gives the following guidelines for the correlation 

size: a small correlation of 0,10 < 𝑟0 < 0,29, a mean correlation 

of 0,30 < 𝑟0 < 0,49, a large correlation of 0,50 < 𝑟0 < 1. These 

guidelines apply regardless of whether there is a negative sign in 

front of the coefficient 𝑟0. A negative sign indicates its direction, 

not the magnitude [6]. 

 

3. RESULTS 

Site srop condition of barley on this field per display distribution, is 

given in Fig. 1 Such groupings vegetation index can be defined 

organizational zone explored part of the plot. Because the UAV 

contains a 4-channel camera, it is possible to form 4 different 

reflection coefficients on 4 different maps. The coefficients are 

listed simultaneously in a table containing a total of 882904 

coordinates and corresponding coefficients.  

This table is base for calculation of 15 different vegitation indecis 

regarding their definition in science papers for each of 882904 

coordinates and corresponding coefficients.  

SR - Simple Ratio is ratio of NIR and Red reflection. Intensity of 

red light reaching the canopy is slightly greater than that of near 

infrared, but on the forest floor the relative intensity of the infrared 

is many times greater due to the selective absorption of radiation by 

leaf pigments. The intensities of infrared and red light can be 

expressed as a ratio, and this ratio can be calibrated with leaf-area 

index measured directly at several points in a forest. To maximize 

the ratio as leaf-area index increases 
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Fig. 1. Map of NDVI index on the experimental field and detail 

coordinates map 

 

, the ratio should be between light at 800 and 675 nm [7].  

A Modified Simple Ratio (MSR) is proposed for retrieving 

biophysical parameters of boreal forests using remote sensing data. 

MSR is an improved version of RDVI for the purpose of linearizing 

their relationships with biophysical parameters [8].  

GRVI is calculated as the normalized difference between the visible 

green and red bands. As green leaves develop, the reflectance of 

visible green increases and that of red decreases. In contrast, at the 

time of leaf senescence, the reflectance of green decreases and that 

of red increases [9].  

The DVI is very sensitive to changes in soil background; it can be 

applied to monitoring the vegetation ecological environment. Thus, 

DVI is also called Environmental Vegetation Index (EVI) [10].  

GDVI - Green Difference Vegetation Index was originally designed 

with color-infrared photography to predict nitrogren requirements 

for corn [11].  

NDVI is defined as a normalized ratio of reflectance factors in the 

near infrared (NIR) and red spectral radiation bands where NIR and 

Red are the surface bidirectional reflectance factors for their 

respective MODIS bands on the TERRA platform satellite. NDVI 

exploits the contrast between the red and NIR reflectance of 

vegetation, as chlorophyll is a strong absorber of the red light, while 

the internal structure of leaves reflects highly in the NIR. The 

greater the difference between the reflectance in the red and NIR 

portions of the spectrum, the more chlorophyll is found in 

vegetation canopy [12].  

The RDVI  was proposed to combine the advantages of the 

Difference Vegetation Index and the NDVI for low and high LAI 

values, respectively [13].  

GNDVI - Green Normalized Difference Vegetation Index is also a 

modification of NDVI that in turn uses the green band instead of the 

red one. The response in green reflectance is associated more to the 

biophysical variables of vegetation and chlorophyll content [14].  

TDVI - Transformed Difference Vegetation Index shows the same 

sensitivity as the Soil Adjusted Vegetation Index (SAVI) to the 

optical proprieties of bare soil subjacent to the cover. It does not 

saturate like NDVI and SAVI and it shows an excellent linearity as 

a function of the rate of vegetation cover [15].  

NDWI - Normalized Difference Water Index was done to: (1) 

maximize the typical reflectance of water features by using green 

light wavelengths; (2) minimize the low reflectance of NIR by 

water features; and (3) take advantage of the high reflectance of 

NIR by terrestrial vegetation and soil features [16].  

NDRE - Normalized Difference Red Edge Index is a modification 

of NDVI, which uses red edge band instead of red band. According 

to the previous studies, NDRE can detect stress in woodlands earlier 

and is more sensitive to changes in chlorophyll content [14].  

WDRVI - Wide Dynamic Range Vegetation Index was invented to 

achieve better correlation with Leaf Area Index, especially in its 

high values, where NDVI is not sensitive to LAI changes [14].  

SAVI - Soil Adjusted Vegetation Index is independ of factor L. The 

range of L is from 0 to 1. In practical applications, the values of L 

are determined according to the specific environmental conditions. 

When the degree of vegetation coverage is high, L is close to 1, 

showing that the soil background has no effect on the extraction of 

vegetation information. This kind of ideal conditions is rarely found 

in natural environments and can be applicable only in the case of a 

large canopy density and coverage.The value of L is around 0.5 

under most common environmental conditions. When L is close to 

0, the value of SAVI is equal to NDVI [10].  

MSAVI2 - Modified Secondary Soil Adjusted Vegetation Index 

does not rely on the soil line principle and has a simpler algorithm; 

it is mainly used in the analysis of plant growth, desertification 

research, grassland yield estimation, LAI assessment, analysis of 

soil organic matter, drought monitoring, and the analysis of soil 

erosion [10].  

OSAVI - Optimized Soil Adjusted Vegetation Index has the 

following formulation: OSAVI = (NIR - Red) / (NIR + Red + 0,16), 

where the soil adjustment coefficient (0,16) was selected as the 

optimal value to minimize variation with soil background [17]. 

 

4. DISCUSSION 

Table 1 shows a matrix view of the relationship between the 

individual variables of coefficient reflection (NIR, RedEdge, Red, 

Green) that were the subject of research in the context of 15 

different vegetation indecis (VI). These relationships in terms of 

correlation are shown by means of the Pearson Ccorrelation with an 

appropriate statistical significance for each pair of mutually crossed 

variables. 

Table 1 gives a matrix view of the relationship between the 

individual variables that were the subject of research in the context 

of crop scouting. These relationships in terms of correlation are 

shown using the Pearson coefficient with an appropriate statistical 

significance for each pair of 15 x 4 mutually crossable variables. 

The strength of the correlation, or how many percentages of the 

variance of one variable, explains the other variables, are defined in 

accordance. In this sense, it is particularly important to highlight 

those relations between variables where r0 > 0,50, because this 

suggests a large correlation.  

 

5. CONCLUSIONS 

 Sensors are available today which can accurately detect crop 

nitrogen status during the growing season. Algorithms have been 

developed which relate crop canopy reflectance in specific 

wavebands to how much nitrogen fertilizer is needed. There are 

various methods for measuring the vegetative index through the 

NDRE as well as the different devices for which this is 

accomplished. Measurement can be done using satellites, using 

unmanned aircraft equipped with appropriate sensors for 

spectrometry or using sensors mounted on a work machine or a 

special platform that is aggregated by a tractor. All measurement 

methods are characterized by the fact that NDRE and NDVI are the 

most used indices for crop scouting. They are most commonly 

applied to commercial sensors. Regarding the 

values r0 NDRE, NIR = 0,605, r0 NDRE, RedEdge = −0,613, 

Pearson's correlation coefficient has just been shown, for a specific 

example, that the reason for this is the highest level of correlation 

between the reflection coefficients obtained during recording and 

the corresponding indices calculated by a defined algorithm.  
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 VI NIR RedEdge Red Green 

1 SR (RVI) .265** .075** -.609** -.097** 

2 MSR .450** .116** -.644** -.089** 

3 GRVI .278** -.118** -.100** -.661** 

4 DVI .241** .073** -.219** -.012** 

5 GDVI .238** -.017** -.008** -.232** 

6 NDVI .572** .143** -.588** -.067** 

7 RDVI .594** .149** -.609** -.070** 

8 GNDVI .585** -.062** -.043** -.609** 

9 TDVI .117** -.056** -.180** -.100** 

10 NDWI -.585** .062** .043** .609** 

11 NDRE .605** -.613** .186** -.044** 

12 WDRVI .213** .076** -.611** -.101** 

13 SAVI .229** .068** -.212** -.012** 

14 MSAVI2 .106** -.052** -.156** -.090** 

15 OSAVI .229** .067** -.212** -.012** 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 1. Pearson Correlation between VI and coefficient reflection 
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