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Abstract: The spectral reflectance of crop canopy is a spectral mixture, which includes soil background
as one of the components. However, as soil is characterized by substantial spatial variability and
temporal dynamics, its contribution to the spectral reflectance of crops will also vary. The aim of
the research was to determine the impact of soil background on spectral reflectance of crop canopy
in visible and near-infrared parts of the spectrum at different stages of crop development and how
the soil type factor and the dynamics of soil surface affect vegetation indices calculated for crop
assessment. The study was conducted on three test plots with winter wheat located in the Tula region
of Russia and occupied by three contrasting types of soil. During field trips, information was collected
on the spectral reflectance of winter wheat crop canopy, winter wheat leaves, weeds and open soil
surface for three phenological phases (tillering, shooting stage, milky ripeness). The assessment of the
soil contribution to the spectral reflectance of winter wheat crop canopy was based on a linear spectral
mixture model constructed from field data. This showed that the soil background effect is most
pronounced in the regions of 350-500 nm and 620-690 nm. In the shooting stage, the contribution
of the soil prevails in the 620-690 nm range of the spectrum and the phase of milky ripeness in the
region of 350-500 nm. The minimum contribution at all stages of winter wheat development was
observed at wavelengths longer than 750 nm. The degree of soil influence varies with soil type.
Analysis of variance showed that normalized difference vegetation index (NDVI) was least affected
by soil type factor, the influence of which was about 30%-50%, depending on the stage of winter
wheat development. The influence of soil type on soil-adjusted vegetation index (SAVI) and enhanced
vegetation index (EVI2) was approximately equal and varied from 60% (shooting phase) to 80%
(tillering phase). According to the discriminant analysis, the ability of vegetation indices calculated
for winter wheat crop canopy to distinguish between winter wheat crops growing on different soil
types changed from the classification accuracy of 94.1% (EVI2) in the tillering stage to 75% (EVI2 and
SAVI) in the shooting stage to 82.6% in the milky ripeness stage (EVI2, SAVI, NDVI). The range of
the sensitivity of the vegetation indices to the soil background depended on soil type. The indices
showed the greatest sensitivity on gray forest soil when the wheat was in the phase of milky ripeness,
and on leached chernozem when the wheat was in the tillering phase. The observed patterns can be
used to develop vegetation indices, invariant to second-type soil variations caused by soil type factor,
which can be applied for the remote assessment of the state of winter wheat crops.
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1. Introduction

Remote sensing data are actively used to assess and monitor the state of crops [1-5]. Modern
systems for monitoring agricultural lands use satellite data to predict crop yields at various levels
(global, national) [6-8]. Such information affects the pricing policy of agricultural producers and
the situation on the global agricultural market. It is also used to make management decisions in the
framework of ensuring the food security of the population at the national level, which is of particular
relevance due to the increased frequency of extreme natural phenomena (in particular, droughts) in the
main areas of agricultural production caused by global climate change [9].

There are two main groups of approaches which can be used for crop assessment and monitoring
on the basis of remote sensing data: statistical and physical approaches [10-12]. Statistical approaches
are based on the empirical relationships between crop characteristics and vegetation indices [13,14].
Physical approaches are based on canopy radiative transfer models (RTM) such as PROSAIL [12,15-17].

In most cases, the assessment of the state of crops and the content of nitrogen and chlorophyll in
them from remote sensing data is based on their spectral reflectance in the visible and near-infrared
spectral regions which is a spectral mixture composed of the reflectance of all components forming
crop canopy, including soil background [18-26].

However, soil is a background with dynamic spectral characteristics. In general, soil spectral
reflectance depends on several soil properties: surface roughness, moisture content, organic
matter content, texture, mineralogical composition, carbonate content, total iron, and water soluble
salts [27-30].

These properties can be divided into two groups, considering their effect on soil spectral
reflectance [31]. The first group comprises soil characteristics influencing the intensity of spectral
reflectance (“brightness”), which corresponds to the position of spectral curve preserving its shape.
Second group of the properties influences the spectral energy distribution in the visible range and
therefore responsible for the change of the reflectance curve shape, and position of extremes. The
variations of soil spectral reflectance attributed to the soil brightness are referred to as the changes of the
first type or primary variations, while the variations attributed to the change of reflectance curve shape
and extremes position are known as the changes of the second type or secondary variations [32,33].

Under the statistical approaches, most studies on the effect of soil on the results of the remote
estimation of crops are devoted to soil brightness and focus on the red and near-infrared spectral
regions [32,34-36].

To minimize the influence of soil brightness, a concept of a soil line (or line of soil brightness) was
proposed [37,38]. According to this concept, pixels related to the open soil surface form one line in the
spectral space of the red and near-infrared regions of the spectrum. Thus, the soil line can be used to
avoid the effect of soil background on spectral reflectance of vegetation canopy based on distances
or angles to the vegetation isolines. Many vegetation indices that correct the influence of the soil
background work this way such as EVI, EVI2, SAVI, TSAVI [32,39-41].

However, this approach performs successfully only in the case of first-type changes; that is, when
soil remains on the same soil line. With variations of the second type, soil changes the soil line, which
most indices correcting the influence of soil do not take into account. To date, there are only a few
studies that somehow address the issue of minimizing the impact of second-type changes of soil
background on the vegetation indices [33].

Soil type has been widely used as an indicator of secondary variations of soil spectral
reflectance [32-34,42]. Several studies have assessed the effect of soil type on the estimation of
biophysical parameters with vegetation indices [14].

Under the physical approaches, the issue of influence of soil background is solved by the
incorporation of soil reflectance into RTM, simulating the reflectance of crop canopy [43-45]. Soil
brightness parameter is often used to account for soil brightness variations. Soil reflectance variability
can also be reproduced by soil parametrization (SOILEMP), which mainly considers changes in soil
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brightness and changes in the shape of soil spectral curve due to the variations of inorganic carbon
content [43,44].

While the application of RTM for retrieval of crop characteristics has some advantages over
the application of vegetation indices, it requires the collection of additional data (leaf structure
parameter, leaf chlorophyll content, etc.) [15,45,46]. Moreover, the determination of crop characteristics
(for example, leaf area index (LAI) or chlorophyll content) with RTM requires additional complex
computations (inversion of RTM) [43,47]. Due to these reasons, statistical approaches on the basis of
vegetation indices are more widely used in crop monitoring.

As our knowledge of the soil type effect on the reflectance of crop canopy and on the vegetation
indices is quiet limited and the search for optimal vegetation index is still ongoing it is very important
to determine how the influence of the soil background changes along the visible and near-infrared
spectral range depending on the stage of crop development.

The introduction of a temporal dimension into the studies requires the consideration of the soil
surface dynamics. Soil surface properties was found to change under the impact of rainfall during
the vegetative season (not only soil surface moisture or roughness, but also soil surface mineralogical
composition, organic matter content, salts content and so on) [48-52]. Corresponding changes in
soil surface spectral reflectance will create a site-specific soil line dynamics, introducing additional
uncertainty in the assessment of the crop state from remote sensing data. The effect of this factor on
vegetation indices has not yet been tested.

Therefore, our research is devoted to (1) studying the effect of soil background on the spectral
reflectance of crop canopy in the visible and near infrared parts of the spectrum at different stages of
crop development, and (2) the assessment of the effect of soil type factor and of the dynamics of the
surface of arable soil on vegetation indices often used for crop monitoring.

2. Materials and Methods

2.1. Study Area

For our research we chose winter wheat, as it is one of the most important agricultural crops all
over the world. Thus, the object of the study is the spectral reflectance of winter wheat crop canopy
of variety Moskovskaya 39, prevailing in the region of the study. The influence of soil background
was studied on three contrasting types of soil: gray forest soils (Albic Luvisols), alluvial soils (Eutric
Fluvisols), leached chernozem (Luvic Chernozem) (soil names in brackets are given according to WRB
soil classification [53]). They differ in soil properties affecting soil spectral reflectance. In that way
we did not study the influence of certain soil properties, but the combinations of them linked to the
soil name.

The test plots are located in the Yasnogorsk and Shchekino districts of the Tula region of Russia
(Figure 1). The sowing of winter wheat in this region is carried out in the second half of September.
The autumn growing season ends at the beginning of November with the establishment of steady
snow cover. The beginning of spring vegetation falls from the end of March to the beginning of April.
Harvesting occurs in late July to early August.

Weed density varies with crop development stage. The projective cover of weeds on the surface of
the crop canopy is rather low at the beginning and middle of the growing season of winter wheat, but
usually increases significantly when the yellowing of winter wheat plants begins. At the same time,
the projective cover of weeds on a field with chernozem was minimal at the beginning and middle
of the growing season and reached a maximum by the end of the growing season. Fields with gray
forest and alluvial arable soils had similar weed density, but on alluvial soils, weed projective cover
increased slightly by the end of the winter wheat growing season [54].
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Figure 1. Geographical location of test fields: 1-—gray forest soils, 2—alluvial soils,
3—leached chernozem.

Gray forest soils and leached chernozems are developed on heavy loams. In the fields, there are
areas of slightly and moderately eroded soil varieties, as well as deposited soils on concave parts of
the slopes. The organic matter content in chernozems is about 4%-5%, decreasing to 3%—4% on the
eroded varieties and increasing to 5%—6% on the deposited ones. The organic matter content in the
arable horizon of gray forest soils is lower (from 3%—4% for non-eroded soils to 2%—-3% for eroded
varieties). Alluvial soils are developed on medium loamy alluvium. The organic matter content in
their ploughed horizon varies from 1% to 4%.

2.2. Methods

2.2.1. Collection of Spectral and Field Data

In the period April-June 2018, several trips to test sites were made (Table 1). The dates for the
trips where chosen in such a way to cover all main stages of winter wheat development: tillering,
shooting, milky ripeness. Each test site was visited once in a month starting from second half of April.
As test plots 1 and 2 are located very close, they were visited on the same day. Test plot 3 was visited
several days prior or after plots 1 and 2.

Table 1. Number of survey points of field data collection in test areas at different stages of
crop development.

Soil Type
Stage of Winter Wheat Development
Gray Forest Alluvial Chernozem
Tillering 14 8 13
Shooting 10 5 13

Milky ripeness 10 4 9
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Generally, we followed the approach used in the MOCCCASIN FP7 Project, described in [55].

During each trip, spectral data were collected using a HandHeld-2 spectroradiometer operating
in the range of 325-1075 nm (https://www.malvernpanalytical.com/en/support/product-support/asd-
range/fieldspec-range/handheld-2-hand-held-vnir-spectroradiometer). Reflectance measurements
were made using radiance reflected from a sample and radiance incidence reflected from a 100%
reflectance reference target (white reference panel). The white reference panel is positioned horizontally
near the sample and is oriented to receive all of the available incident illumination while at the same
time avoiding shadowing and light reflected from surrounding objects Since the reflected radiance
from the panel is very close to the total energy falling on the sample, this reading can be used in the
denominator of the reflectance measurement. Sample reflectance is calculated by the HandHeld 2
instrument software.

Spatial location of the points was chosen in such a way to cover various states of winter wheat
crops within each plot. At each point, spectral data for the winter wheat crop canopy, open soil surface,
winter wheat leaves and weeds were registered with five-fold repetition. To measure the spectral
reflectance of winter wheat leaves, the green leaves of the plants were picked and laid in a thick layer.
We used the reflectance of leaves because they form the upper layer of crop canopy directly available
to remote sensors. To measure the spectral reflectance of weeds, they were torn off and placed in a
dense layer. The spectroradiometer was held perpendicular to the surface of the measured object at the
distance of 30 cm. The reflectance of the open undisturbed soil surface was measured between rows of
winter wheat at a distance of 20 cm after removing all surrounding vegetation. To measure spectral
reflectance of the crop canopy, the spectroradiometer was held perpendicular to the measured canopy
at a height of 1.5 m.

Simultaneously with the measurement of spectral data at each point, crops were photographed in
the nadir from a standard height of 1.5 m, which is commonly used in crop canopy studies [55,56],
with a Canon camera. Five photos were made for each point.

Spectral curves were averaged and smoothed using the Savitsky—Golay filter in the R software
(prospectr package) [57]. In addition, due to the high noise level, data up to 350 nm and after 900 nm
were excluded from the analysis [48].

The obtained photographs were analyzed in the ILWIS 3.3 Academic program. Supervised
classification was used to distinguish between open soil and vegetation. To determine the area
occupied by weeds, vector masks of weeds were created. The projected area occupied by winter wheat
was determined as a difference between the projected area occupied by the vegetation and the projected
area occupied by the weeds. As a result, we determined the projected area for each object (soil, weeds,
winter wheat) on the top of the canopy on each photo. As five photos were taken at each study point,
we averaged the obtained values to determine the projected area for each object at each point.

The general strategy of the study is presented in Figure 2.
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Figure 2. The scheme of the presented study.

2.2.2. Assessment of Soil Contribution to the Spectral Reflectance of the Crop Canopy

The spectral reflectance of the crop canopy is a spectral mixture of reflectances of the agricultural
crop (in this case, winter wheat), open soil surface and weeds. According to the linear spectral mixture
model, the contribution of each object in the spectral mixture is determined by the area occupied by the
object and its reflectance [58,59]; thus, the spectral reflectance of the crop canopy can be modeled as:

SRcc = s1%SRsoil + s2+SRIv + s3+*SRweeds @

where SRcc is modeled spectral reflectance of crop canopy; SRsoil—spectral reflectance of soil surface
measured in the field; SRlv—spectral reflectance of leaves of studied crop measured in the field;
SRweeds—spectral reflectance of weeds measured in the field; s1—the projected area of open soil
surface; s2 and s3—the projected areas of studied crop and weeds on the top of the crop canopy
(s1 +s2 +s3 =1). sl, s2 and s3 were determined during photo analysis. Their value range changes
from 0 to 1, where 1 means full coverage (100% of area presented on photo is covered by an object).

Based on this model, the reflectance of winter wheat crop canopy at all wavelengths of the
considered range (350-900 nm) was simulated for each soil type (hereafter, the reflectance of the
spectral mixture). To estimate the model performance at each wavelength, a simulation error was
calculated as a difference between the spectral reflectance of the crop canopy measured in the field and
the reflectance of the spectral mixture.

The obtained models were further used to assess the contribution of soil to the spectral reflectance
of winter wheat crop canopy. Based on Equation (1), the soil contribution at each wavelength was
calculated as follows:

Soil contribution (%) = (s1*SRsoil)/SRcc*100 2)

where sl—the projected area occupied by open soil surface (the same as sl in Equation (1)),
SRsoil—spectral reflectance of open soil surface measured in the field (the same as SRsoil in Equation (1)),
SRcc—modeled spectral reflectance of crop canopy.
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At the stage of milky ripeness, the leaves of winter wheat were too multicolored. Soil contribution
at this stage was calculated in relation to the spectral reflectance of the winter wheat crop canopy,
measured in the field at the corresponding stage:

Soil contribution (%) = (s1*SRsoil)/SRccf+100 3)
where SRecf—the reflectance of crop canopy measured in the field.

2.2.3. Assessment of Soil Type Influence on the Vegetation Indices of the Crop Canopy
The effect of soil type on vegetation indices was estimated for NDVI [60], SAVI [32] and EVI2 [36]:

NDVI = (NIR-RED)/(NIR + RED), (@)
SAVI = 1.5+(NIR-RED)/(NIR + RED + 0.5), (5)
EVI2 = 2.5+(NIR-RED)/(NIR + 2.4«RED + 1), (6)

where RED—spectral reflectance in red part of the spectrum, NIR—spectral reflectance in near-infrared
part of the spectrum.

NDVI is widely used in crop monitoring [1-3]. At the same time, it has been shown to be sensitive
to soil brightness with a low amount of vegetation [34]. SAVI, based on the concept of a soil line, was
proposed to minimize the effects of soil moisture [32]. EVI2 was developed as an alternative to EVI, an
index that minimizes the influence of the state of the atmosphere and soil moisture, in order to exclude
the blue portion of the spectrum, where a limited number of satellite systems work [36,61].

Since red (620-690 nm) and near-infrared (760-900 nm) spectral regions are used to calculate
these indices, the maximum, minimum, and average reflectance of winter wheat crop canopy were
determined for each of these regions, and then several combinations were calculated for each index.

Moreover, since the RedEdge region is also considered informative for determining the state
of agricultural crops [62-65], additional combinations where the reflectance in the red channel was
replaced with the RedEdge reflectance (average value at 720-730 nm) were calculated (Table 2, Table S1
of Supplementary Materials).

Table 2. Combinations of vegetation indices calculated using maximum, minimum and average
reflectance values in red (620-690 nm) and near-infrared (760-900 nm) regions of spectrum, and
reflectance in RedEdge region (average value at 720-730 nm).

NIR Reflectance
Parts of Spectrum - —
Maximum Minimum Average
Maximum max minmax avmax
RED reflectance Minimum maxmin min avmin
Average maxav minav av
RedEdge reflectance edmax edmin adav

Then, in the SPSS program, an analysis of variance (ANOVA) was conducted, during which it
was determined whether the soil type influences the vegetation indices for winter wheat crop canopy
and the size of soil type influence.

The factor “soil type” included three classes: 1—gray forest soils; 2—alluvial soils; 3—chernozem.
The presence of a statistically significant effect of the factor was recognized at the level of p < 0.05.

The assessment of the degree of influence of soil type was carried out based on the parameter
eta squared (1), the value of which reflects the proportion of variability of the dependent variable
(vegetation index), which is explained by the analyzed factor (soil type).



Remote Sens. 2019, 11, 1932 8 of 25

In addition, after identifying the presence of a statistically significant effect of the soil type, post
hoc analysis based on the Scheffe criterion was carried out to determine for each calculated combination
whether the differences in the values of indices for crops between soil types were statistically significant.

We further used the discriminant analysis to classify whiter wheat crops growing on different
soil types on the basis of vegetation indices calculated for winter wheat crop canopy. Soil type factor
with three levels (the same as in ANOVA analysis) was used as a dependent variable. Different
combinations of studied vegetation indices (shown in Table 2) for the winter wheat crop canopy were
used as predictors in the models. Separate model was created for each calculated combination of NDVI,
EVI2 and SAVLI. Classification accuracy showed the percentage of correctly classified group cases for
each combination. Discriminant analysis was performed in SPSS. The results of discriminant analysis
confirmed the degree of soil type influence on vegetation indices of winter wheat crop canopy.

2.2.4. Assessment of the Influence of the Soil Surface State on the Sensitivity of Vegetation Indices

To assess the extent to which the values of the vegetation indices of crops at different stages of
their development differ from the values of the vegetation indices for the open soil surface in different
states, graphs were constructed by analogy with [32]. The values of the index were located along the
QY axis, and the values of average reflectance in the red part of spectrum were located along the OX
axis. We used indices, calculated using average reflectance values for red and NIR parts of spectrum.
For each index, graphs were built separately for each type of soil. On each graph, the values for crops
and the open soil surface were plotted as points. Then, the vegetation isolines and lines of the open
soil surface were drawn through the points for each stage of crop development.

Ref. [32] considered the index to be sensitive to soil background when it changed with a change in
the reflectance of soil surface in the red spectral region. We expand this concept to include soil surface
dynamics in the following way: the index is considered to be sensitive to the soil surface state when
it changes with a change in the reflectance of soil surface in red spectral region and that results in a
situation where the values for crops and soil become very close. The graphs highlighted the sensitivity
areas of the indices: ranges of values in which crops and soil can be mixed.

3. Results

3.1. Spectral Reflectance of Analyzed Soil Types

Analysis of the spectral reflectance of the studied soil types for different stages of winter wheat
development showed that at the tillering stage, their spectral reflectance in the range of 350-900 nm
gradually increased (Figure 3).

In the case of chernozem, the same pattern was observed at the shooting and milky ripeness
stages. At these two stages, small differences in the spectral reflectance of chernozem were registered
after 740 nm.

The spectral reflectance of alluvial soils in the shooting and milky ripeness phases was quite
similar, significantly differing from the reflectance in the tillering phase only in the 690-900 nm region.

As for gray forest soils, their reflectance varied quite strongly. Compared to the tillering stage,
where it gradually increased in the analyzed part of the spectrum, in the shooting and milky ripeness
phases, there was a local increase in reflectance in the 500-600 nm region of the spectrum, followed by
a decrease in the 600-690 nm region and an increase after 690 nm. The difference between these two
phases lies in the intensity of the reflectance and in the pattern of the increase in reflectance in the NIR
part of the spectrum. Such behavior of the spectral reflectance of gray forest soil at shooting and milky
ripeness phases can be associated with the development of a biological crust on the soil surface [66,67].
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Figure 3. The average spectral reflectance of open soil surface at different stages of winter wheat
development: the first number indicates the type of soil (1—gray forest, 2—alluvial, 3—chernozem),
while the second number indicates the stage of winter wheat development (1—tillering, 2—shooting
stage, 3—milky ripeness).

Thus, gray forest soils are characterized by the highest reflectance values and they most strongly
transformed at different times of spectral data acquisition. Alluvial soils occupy an intermediate
position between gray forest soils and leached chernozem. Leached chernozems, in this case, had lower
reflectance intensity and the least drastic changes in the spectral reflectance between different times of
spectral measurements. The differences in overall reflectance values of the studied soils are mainly
due to the variations in their organic matter content as they have similar texture and mineralogical
composition. Leached chernozem with the highest content of organic matter has the lowest reflectance
intensity. Gray forest and alluvial soils have lower organic matter content what results in the increased
contribution of soil minerals to their reflectance and, therefore, higher overall reflectance intensity.

Generally, soil surface roughness was more or less the same starting from the period of crop
emergence to crop harvesting. As the measurements were made in sunny weather (near midday time),
optically active soil surface layer (1-2 mm) was dry. Therefore, the main factor of soil surface spectral
variations within soil type was a transformation of the surface under the impact of rainfall which is
known to result in changes of soil surface organic matter content and mineralogical composition or in
the development of biological crust [49-52,65,67].

Scatterplots of the reflectance values of open soil surface in NIR-Red space show that soil surface
dynamics results in rather high scattering of spectral measurements from the line for shooting and
milky ripeness stages (Figure 4). Gray forest and alluvial soils vary the most. This result suggests that
the ability of soil-line-based indices to correct for soil background variations is limited by temporal soil
line variability.
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Figure 4. Scatterplot of reflectance of open soil surface in NIR-Red spectral space for gray forest soil (a),
alluvial soil (b), and chernozems (c) at different stages of winter wheat development with fitted soil
lines: 1—tillering (black line), 2—shooting (red line), 3—milky ripeness (orange line).

3.2. The Analysis of Modeled Crop Reflectance

For the tillering stage, the calculated reflectance of the spectral mixture was quite close to the
spectral reflectance of winter wheat crop canopy in the visible part of the spectrum for considered
soil types (Figure 5a). The maximum difference here was 0.05 units of reflectance for alluvial soils
and leached chernozem, and 0.07 for gray forest soils. The greatest difference between the simulated
reflectance and reflectance of winter wheat crop canopy for alluvial soils and leached chernozem was
observed in the spectral range of 680-740 nm, while for gray forest soils, this was in the area after
770 nm. For leached chernozem, it did not exceed 0.07, whereas for gray forest soils and for alluvial
soils these values were 0.1 and 0.12, respectively.

As for the shooting stage, the difference between the simulated reflectance and the reflectance of
the winter wheat crop canopy in the visible part of the spectrum did not exceed 0.1 (Figure 5b). For
gray forest and alluvial soils, it remained within 0.06. However, the difference increased in the near
infrared part of the spectrums, reaching 0.54 for leached chernozem, 0.25 for gray forest soils and 0.23
for alluvial soils. High error of modelling the reflectance of winter wheat crop canopy in the near
infrared region is due to the increased transmission of plant leaves in this part of the spectrum [26].

Thus, the model of a linear spectral mixture significantly overestimated the reflectance of the
winter wheat crop canopy in the shooting stage in the near-infrared part of the spectrum, overpredicting
the contribution of winter wheat reflectance, which was especially pronounced in the case of leached
chernozem. At the same time, during the shooting stage in the visible part of the spectrum, the error
decreased for gray forest and alluvial soils and increased for leached chernozem.

Given the size of the errors in individual parts of the spectrum, the obtained spectral mixture
models were used only to identify the general features of soil contribution to the spectral reflectance of
winter wheat crop canopy. Moreover, we suggest that the accuracy of the spectral models should be
estimated prior their application in developing and testing vegetation indices resistant to soil influence.
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Figure 5. The difference between the reflectance of the crop canopy and the simulated reflectance of the
spectral mixture: (a) tillering stage; (b) shooting stage: av-—mean; sdp—average + standard deviation,
sdn—average-standard deviation; 1—gray forest soils, 2—alluvial soils, 3—leached chernozem.

3.3. Soil Background Contribution to the Reflectance of Winter Wheat Crop Canopy (on the Basis of Modeled
Refelctance of Winter Wheat Crop Canopy)

According to the calculations carried out for the tillering stage, soil made the greatest contribution
to the simulated spectral reflectance of the winter wheat crop canopy in the regions of 350-400 nm
and 600-690 nm (Figure 6a). A slight decrease was observed in the region of 550 nm: the region of
chlorophyll influence. The smallest impact was noted in the region after 750 nm.
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Figure 6. The average contribution of the soil background to the spectral reflectance of the winter

wheat crop canopy (%) in the tillering stage (a), shooting stage (b) and milky ripeness stage (c): 1—gray
forest soil, 2—alluvial soil, 3—leached chernozem.

The soil contribution in the shooting stage of winter wheat development was significantly lower,
with the exception of gray forest soils, where the decrease was not so pronounced (Figure 6b), which
can be explained by the characteristics of the spectral reflectance of this soil type (Figure 3). At the
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same time, the influence of the soil background in the region after 750 nm decreased significantly,
approaching 0. At this stage of development, the density of winter wheat plants and their projective
cover were the largest, which explains the decrease in the contribution of soil to the visible and
near-infrared spectral regions.

According to the results for the tillering and shooting stages, the greatest modeling error was
noted for soil types with the smallest contribution at this stage of winter wheat development. In this
case, the smaller the contribution was, the higher the error was (Figures 5b and 6b).

At the stage of milky ripeness, the contribution of soil in the visible part of the spectrum (especially
in the region of 350-500 nm) significantly increased (Figure 6¢). The soil input to the spectral reflectance
of winter wheat crop canopy in the region of 620-960 nm remained fairly high. After 750 nm, the
contribution of soil stayed minimal. The observed increase in the contribution of soil in the visible part
of the spectrum was most likely because during the phase of milky ripeness, the winter wheat plants
were yellowing, and the crops became a mixture of green and yellow plants.

In general, the high contribution of soil to the reflectance of winter wheat crop canopy in the red
part of the spectrum (620-690 nm) is attributable to the fact that the spectral reflectance of vegetation
in this spectral area is decreasing, reaching a minimal value, while the soil spectral reflectance, on the
contrary, keeps increasing, approaching a maximum in the near-infrared part of the spectrum.

The difference in the contribution of different soil types to the spectral reflectance of winter wheat
crop canopy agrees with the difference in their organic matter content. Gray forest and alluvial soils
with lower organic matter content have the highest contribution due to higher influence of soil minerals
which are not masked by the coating of organic matter. The influence of chernozem soils with high
organic matter content which masks the contribution of soil minerals to soil reflectance, on winter
wheat crop canopy reflectance is lower.

3.4. Effect of Soil Type on NDVI1, SAVI and EVI2 Values at Different Stages of Winter Wheat Development (on
the Basis of Field Data on Spectral Reflectance of Winter Wheat Crop Canopy)

3.4.1. Tillering Stage

On average, the soil factor caused about 40% of the variability of the NDVI values for the winter
wheat crop canopy (Figure 7a, Tables S2 and S5 of Supplementary Materials). The influence of the
soil factor reached 60% when the reflectance of winter wheat canopy in the RedEdge region, and the
wavelengths with minimal reflectance in the NIR part were used for index calculation.

For most of the NDVI combinations, winter wheat crops formed two homogeneous groups:
(1) crops on gray forest and alluvial soils, and (2) crops on leached chernozem (the detailed results of
post hoc analysis for tillering stage are provided in Table S8 of Supplementary Materials).

However, when the red part of the spectrum and the wavelengths with maximum reflectance
in the NIR region were used to calculate NDVI, significant differences were observed only between
winter wheat crops on alluvial soils and leached chernozem.

In addition, the replacement of the red region with RedEdge led to the change in the composition
of homogeneous groups: winter wheat crops on gray forest soils and leached chernozem fell into one
homogeneous group, and winter wheat crops on alluvial soils into another.

In the case of EVI2, the influence of the soil type factor for all the combinations was generally about
80%. The maximum (85%) was noted when using the RedEdge and the wavelength with maximum
reflectance in the near IR region of the spectrum for the calculation (Figure 7a).

As for SAV], the influence of the soil factor for all combinations was approximately 80%. A slight
decrease was noted when the red region was replaced with RedEdge.

For all variants of calculation, winter wheat crops on the considered soil types significantly
differed from each other in the values of SAVI and EVI2.
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Figure 7. The influence of the soil type factor on the variation of vegetation indices of winter wheat crops
(the value of 1 corresponds to 100%): (a) tillering phase, (b) shooting phase, (c) milky ripeness phase.

3.4.2. Shooting Phase

The greatest influence of the soil factor (45%) on NDVI was noted for the combinations where
the red region was replaced with RedEdge (Figure 7b, Tables S3 and S6 of Supplementary Materials).
At the same time, for most of the combinations, winter wheat crops on leached chernozem did not
reliably statistically differ from those on gray forest soil and from winter wheat crops on alluvial soils
(the detailed results of post hoc analysis for shooting stage are provided in Table S9 of Supplementary
Materials). Only when using the minimum reflectance in the red part of the spectrum in calculations
did winter wheat crops on leached chernozem and gray forest soils fall into one homogeneous group
and winter wheat crops on alluvial soils into another.

In the case of EVI2 and SAVI, for most combinations, the influence of the soil factor was about
60%, decreasing to 40% when RedEdge was used in calculations (Figure 7b).

At the same time, when using the red and NIR parts of the spectrum for calculating EVI2 and
SAVI, two homogeneous groups were formed: (1) winter wheat crops on gray forest and alluvial
soils, and (2) winter crops on leached chernozem. When replacing the red part of the spectrum with
RedEdge, the composition of homogeneous groups changed in such a way that winter wheat crops on
leached chernozem and gray forest soils fell into one group and those on alluvial soils into another.
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3.4.3. Milky Ripeness Phase

The influence of the soil factor on winter wheat crop canopy NDVI was approximately 50%,
reaching 60% when RedEdge and the minimum reflectance in the NIR were used in calculations
(Figure 7c, Tables S4 and S7 of Supplementary Materials).

As for SAVI and EVI2, the contribution of the soil factor in most combinations remained at 70%,
slightly decreasing when RedEdge was used in the calculations.

At the same time, practically in all variants of NDVI calculation, two homogeneous groups were
formed: (1) winter wheat crops on gray forest soils, and (2) winter wheat crops on alluvial soils and
leached chernozem (the detailed results of post hoc analysis for milky ripeness stage are provided in
Table S10 of Supplementary Materials).

When RedEdge and the maximum or average reflectance in the NIR part of the spectrum were
used in the calculation, significant differences were observed only between winter wheat crops on gray
forest soils and leached chernozem.

In the case of SAVI and EVI2, in all variants of the calculation, the winter wheat crops on gray
forest soils were significantly different from those on alluvial soils and leached chernozem.

Thus, the replacement of the red part with RedEdge increased the impact of soil type factor on
NDVI values for all considered stages of winter wheat development. The effect was opposite in the
case of EVI2 and SAVI at shooting and milky ripeness stages. The most pronounced changes in the
influence of soil type factor caused by the introduction of RedEdge reflectance were observed at the
shooting stage.

The application of the RedEdge part of the spectrum also led to similar changes in the compositions
of homogenous groups for NDVI at the tillering stage and EVI2 and SAVI at the shooting stage.

When RedEdge was not used in calculation, in the case of NDVI, the general scheme of change
in composition of homogenous groups looked as follows: winter wheat crops on chernozem soils
move from a separate group at the tillering stage to mixed groups at shooting stage, staying in the
same group with alluvial soils in the stage of milky ripeness, while winter wheat crops on gray forest
soils formed a separate group. In the case of EVI2 and SAVI, mixed groups are formed starting from
shooting stage where winter wheat crops on chernozem soils stay in a separate group, similar to the
situation with NDVI values at the tillering stage. At the stage of milky ripeness, winter wheat crops on
gray forest soils formed a separate group, as in the case of NDVL

3.4.4. Separability of Winter Wheat Crops Growing on Different Soil Types on the Basis of NDVI, EVI2
and SAVI (Results of Discriminant Analysis)

In the tillering stage, the highest accuracy of the classification (94.1%) was observed in the case of
EVI2 calculated using the average reflectance of the winter wheat crop canopy in the near-infrared part
of the spectrum and its reflectance in the RedEdge region (Table 3). This combination ensured that
92.9% of the cases with gray forest soils, 87.5% of the cases with alluvial soils, and all the cases with
chernozem soils were classified correctly.

In the case of SAVI, the greatest accuracy (91.2%) was also observed for the combination including
the reflectance in the RedEdge region. The accuracy for NDVIin this stage of winter wheat development
generally stayed in the range of 55-65%.

In the shooting stage, the highest accuracy for EVI2 and SAVI (75%) was registered for the
combination using maximum or average reflectance of winter wheat crop canopy in the near-infrared
region and its minimum reflectance in the red region (Table 3). These combinations ensured the correct
classification of 60% of the cases with gray forest soils, 80% of the cases with alluvial soils and 84.6% of
the cases with chernozem soils.

The introduction of the RedEdge region led to a decrease in the classification accuracy for EVI 2
and SAVI by 20-29%.
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Table 3. Classification accuracy of the discrimination of winter wheat crops growing on different soil types on the basis of NDVI, EVI2 and SAVI (% of correctly
classified original group cases).

Stage of Winter Calculated Combination
Wheat Index

Development Max Min Av Maxmin Minmax Avmax Avmin Maxav Minav Edmax Edmin Edav
NDVI 58.8 64.7 61.8 58.8 61.8 58.8 58.8 58.8 64.7 50 67.6 55.9
Tillering EVI2 85.3 85.3 85.3 85.3 85.3 85.3 85.3 85.3 85.3 91.2 88.2 94.1
SAVI 85.3 85.3 85.3 85.3 85.3 85.3 85.3 85.3 85.3 91.2 85.3 88.2
NDVI 53.6 50 50 53.6 53.6 57.1 50 50 50 57.1 57.1 57.1

Shooting EVI2 71.4 71.4 71.4 75 67.9 71.4 75 71.4 714 46.4 50 50

SAVI 71.4 71.4 71.4 75 714 714 75 714 714 46.4 50 50
NDVI 69.6 60.9 65.2 65.2 69.6 69.6 65.2 65.2 65.2 78.3 82.6 82.6
Milky ripeness EVI2 73.9 78.3 82.6 82.6 73.9 78.3 82.6 82.6 78.3 73.9 73.9 78.3

SAVI 739 78.3 78.3 82.6 739 60.9 82.6 82.6 739 739 78.3 78.3
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The greatest classification accuracy for NDVI (57.1%) was observed for the combination using the
average reflectance of winter wheat in the near-infrared region and its maximum reflectance in the red
region or the reflectance in the RedEdge region.

In the milky ripeness stage, the classification accuracy for NDVI was the highest compared to other
stages. It exceeded the accuracy for EVI2 and SAVI when the RedEdge region was used, reaching 82.6%.
These combinations ensured that all the cases with gray forest soils and 77.8% of cases with chernozem
soils were classified correctly. However, 50% of cases with alluvial soils were assigned wrongly.

The performance of EVI2 and SAVI reached 82.6% for the combinations with maximum and
average reflectance of winter wheat crop canopy in the near-infrared region and its average or minimum
reflectance in the red part of the spectrum. These combinations (except the av combination for SAVI)
ensured the correct classification of 60% of the cases with gray forest soils, 80% of the cases with alluvial
soils, and 84.6% of the cases with chernozem soils.

Thus, the magnitude of soil type influence on the vegetation indices of winter wheat crop canopy
is so high that they can be used to distinguish between winter wheat crops growing on different soils
with the overall accuracy up to 94%, depending on the index and stage of winter wheat development.

3.5. Effect of Soil Surface State on the Sensitivity of NDVI, EVI2 and SAVI (On the Basis of Field Data on
Spectral Reflectance of Winter Wheat Crop Canopy)

The open surface of arable soils behaves differently depending on the time of the survey and the
type of soil, which is confirmed by observed changes in the slope and position of the spectra of the
open soil surface (Figure 8, Table S11 of Supplementary Materials).

The values of the vegetation indices of the open soil surface increased with the transition from
tillering to milky ripeness. In the case of gray forest soil, the lines of the open soil surface in the tillering
and shooting stages almost coincided for all of the indices (Figure 8a,d,g).

In the shooting stage, there was quite a large variation in the values of reflectance in the red part
of the spectrum and in the values of the indices in the case of gray forest and alluvial soils, which may
be due to the within-field variations of the soil characteristics.

The sensitivity of the NDVI to the soil surface state was most pronounced on gray forest soils,
where the value of the index of crops in the tillering stage and milky ripeness may coincide with the
value of the index for the open surface of the soil. On leached chernozem, NDVI was sensitive to the
soil background only in the tillering stage of winter wheat development.

For alluvial soils, vegetation indices showed the least sensitivity to the soil background.

The NDVI sensitivity region for gray forest and alluvial soils lies in the region of 0.4-0.5, while for
leached chernozem, this value is 0.3-0.4 (Figure 8a—).
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Figure 8. Isolines of vegetation and open soil surface (gray forest soil—(a,d,g); alluvial soils—(b,e h);
leached chernozems—(c,f,i)) at different stages of winter wheat development (tillering stage:
crops—green points, soil—blue points; shooting stage: crops—purple points, soil—brown points, the
stage of milky ripeness: crops—red points, soil—orange points). The sensitivity area of the vegetation
index is marked with a black dotted line.



Remote Sens. 2019, 11, 1932 18 of 25

In the case of EVI2 and SAVI, despite the different slope of the isolines of vegetation and the open
surface lines of the studied soils, the situation was the same as in the case of NDVI (Figure 8d-i).

The sensitivity areas of EVI2 and SAVI for gray forest soils lies in the region of 0.2-0.3, whereas
for alluvial soils these values are 0.3-0.4, and 0.1-0.2 for leached chernozem.

All indices were insensitive to the soil background when winter wheat was in the shooting phase.

4. Discussion

The application of the linear spectral mixture approach to modeling the spectral reflectance of the
crop canopy showed that it can be used only for the visible part of the spectrum. This is in agreement
with [26]. The errors in the near-infrared regions were too high to suggest its appropriateness for the
analysis of the influence of soil type factor on the vegetation indices. RTM are generally considered to
be the most appropriate way to model crop canopy reflectance [14,43,46]. However, their application
requires the collection of additional data which is not always possible. Replacement of actual values
of required parameters with their constant values can result in significant errors when reproducing
spectral reflectance of crop canopy measured in the field.

Observed changes in the soil background contribution to the reflectance of winter wheat crop
canopy in red and NIR regions followed the pattern suggested by [34] after their experiments with
winter wheat and cotton. As the crop canopy develops, the absorption of light in the red region by
vegetation prevails over the reflectance by soil surface. That explains the registered decrease of soil
impact in the red region during winter wheat development. The reflectance of crop canopy in the NIR
region is overall higher and decrease of soil background impact during the winter wheat development
is more pronounced.

It is not only the red and infrared regions that are used in vegetation studies. There are several
vegetation indices incorporating different parts of the visible range of the spectrum [65,68-71]. However,
the influence of soil background on the reflectance of crop canopy in the visible region has barely been
studied. At the same time, our results show that the soil contribution in the visible part of the spectrum
was rather high, especially in the tillering and milky ripeness stages of winter wheat development.
This can affect the accuracy of the predictions made on the basis of indices applying information from
the visible range. Thus, additional studies are necessary for understanding the soil influence on such
indices and to find out the proper ways to correct it.

In contrast to the results acquired by [32,34], we found that NDVI even in case of low vegetation
density (tillering stage) was least affected by the soil type factor. While SAVI and EVI2 were found to
be greatly influenced by soil background.

SAVI was shown to become more sensitive to soil background (particularly, to changes in soil
brightness) with the development of crop canopy [72]. In our case, the influence of soil background in
the shooting stage (maximum green biomass) was slightly lower than in the other stages, but still two
times higher than in the case of NDVI. As SAVI and EVI2 demonstrated very similar behavior, we
believe the same pattern will be observed for other vegetation indices calculated in similar way:.

The difference between our and previously published results on the influence of soil background
on SAVI and EVI2 is due to the fact that these indices were developed assuming the existence of
the global or general soil line. It means that there is one soil line for a large area and its position in
NIR-RED space is “fixed”, so the distance from it or angles from it can be used in index calculation to
correct for soil background influence.

There have been studies attempting to prove the existence of the global or general soil line.
Ref. [73] demonstrated the existence of three unique soil lines depending on soil type, moisture content,
and roughness. Ref. [74] reported a general soil line covering the 14 most common soil types in the
southeastern Brazil.

At the same time, [75] showed the existence of individual soil lines differing both in slope and
intercept for 20 studied soils. Ref. [42] showed for 26 contrasting soil types that the soil type was a
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major factor in variations of soil lines, proving that the assumption about the existence of global soil
line is incorrect.

We strongly agree with [42] that each soil has a unique soil line. Which means that existing indices
based on the global soil line will fail to correct soil background influence when monitored crops grow
on different (contrasting) soils. This conclusion is supported by our results.

Additionally, [76] demonstrated that the application of global soil line in vegetation studies leads
to the errors in the estimation of biophysical parameters on the basis of vegetation indices. Parameters
of the soil lines were also shown to change with organic matter content or soil texture [31].

Despite the importance of this issue, there have been very few studies attempting to deal with
this problem. Ref. [14] showed with hyperspectral data that soil lines derived on the basis of different
spectral regions can be successfully used to calculate soil line-based vegetation indices that are well
correlated with the LAI of the studied vegetation. The impact of two soil types was considered in this
study (“light” and “dark”). Their results demonstrated that in case of dark soils, the effect of the soil
is less than in the case of light soils. This coincided with our findings on the lower contribution of
chernozem soils with high organic matter content to the reflectance of the winter wheat crop canopy
compared to the contribution of gray forest soils with lower organic matter content and the greater
impact of mineralogical composition.

The most recent study proposes a new soil line replacing red band with red-swir band [33].
The obtained results are very promising. However, as the authors used MODIS data with spectral
resolution of the swir-band of 500 m, we believe that field studies are necessary to fully understand the
real performance of the suggested approach.

Therefore, as the high influence of soil type factor on SAVI and EVI2 is due to the way they are
calculated, we believe that similar situation will be observed in cases of other crops that are biologically
similar to winter wheat, while the size of the influence will differ depending mainly on the properties
of the soil background.

For our research, we chose 3 contrasting soil types. However, soil type is a classification unit,
being, to a certain extent, an integral characteristic of the soil. Its geographical boundaries usually
do not coincide with the geographical boundaries of soil properties, variations of which affect the
reflectance curve shape, and position of extremes. While it is common practice to consider soil type as
a source of soil secondary variations in studying the impact of soil on vegetation indices, we think that
future research should be focused on the way in which certain soil properties affect soil line parameters
and the contribution of soil background to the spectral reflectance of crop canopy.

Most studies developing and testing the minimization of soil impact on vegetation indices do not
consider temporal dynamics of soil surface. For example, [70] used the reflectance of 20 trays of different
sieved soils in dry and wet state, studying soil spectral effects on 4-space vegetation discrimination.
Ref. [33] used soil spectra of different soil types selected from several spectral libraries. [35] used
variations in soil line parameters to develop TSAVI. However, the transformation of the open soil
surface of arable lands is not a simple process of change in moisture content or in surface roughness. It
results in the formation of a surface layer with different properties (organic matter content, texture,
porosity, mineralogical composition) [49] and spectral reflectance [50,51]. We observed increased
scattering of soil surface reflectance values in NIR-Red spectral space at the shooting and milky ripeness
stages. This means that soil spectral data acquired at different spectral dates should not be used to
derive soil line parameters when calculating soil line-based vegetation indices due to temporal soil
line dynamics.

Our findings showed that the dynamics of the surface of arable soil not only affects the contribution
of the soil to the spectral reflectance of the winter wheat crop canopy in certain parts of the spectrum,
but it is also accompanied by a change in the values of vegetation indices for the soil in such a way that
they become close to the values of the vegetation indices for winter wheat crops at certain stages of
their development. We believe that while the sensitivity range may vary, general situation will be very
similar for other crops.
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The way we assessed the sensitivity of vegetation indices is not common, as it is usually estimated
in terms of the ability of vegetation indices to reflect the changes in crop characteristics [14,33,43]. We
estimated the extent to which the values of the vegetation indices of crops at different stages of their
development differ from the values of the vegetation indices for the open soil surface in different states.
Sensitivity range is the value range at which soil can be mixed up with the crop canopy. This can be
crucial when we use vegetation indices to assess biophysical parameters such as LAI, for example.
Additional research is necessary to determine how exactly this sensitivity range influences vegetation
index sensitivity to crop characteristics. Ref. [32], in a study with grass and cotton, found that only
NDVI was sensitive to changes in the spectral reflectance of soil surface in the red region, while SAVI
was independent. Our findings show that SAVI and EVI2 demonstrated independence only on gray
forest soils at the tillering stage of winter wheat development, proving that they do not account for soil
surface dynamics.

In addition, under certain conditions, a biological crust can form on the soil surface, the presence
of which will modify the reflectance of soil surface affecting its contribution to the reflectance of crop
canopy. The impact of biological soil crust on the reflectance of crop canopy has not yet been studied
or acknowledged.

Our research shows that the simplification of soil background influence to brightness variations
leads to the underestimation of soil impact on the reflectance of crop canopy and vegetation indices
calculated for crop monitoring. Given the variability of the soil, the use of a universal vegetation index
is hardly possible. Vegetation indices should be adapted to local soil conditions. The information about
soil characteristics should undoubtedly be a part of crop monitoring systems at all levels. However,
substantial research is necessary to lay the foundation for this.

5. Conclusions

The effect of soil background on the spectral reflectance of the winter wheat crop canopy was
most pronounced in the 350-500 and 620-690 nm regions of the visible range. In the shooting phase,
the contribution of soil prevailed in the 620-690 nm region of the spectrum, and, in the phase of
milky ripeness, in the 350-500 nm region. The minimum contribution at all stages of winter wheat
development was observed after 750 nm. The degree of soil influence was different for different
soil types.

As for the vegetation indices, NDVI was found to be the least affected by soil type factor. The
smallest impact was noted in the shooting phase, except for cases where the red region was replaced
with RedEdge. In the phase of milky ripeness, the influence of soil on the NDVI of crops increased.
The effect of soil type on SAVI and EVI2 was approximately the same and varied from 60% (shooting
phase) to 80% (tillering phase). When replacing the red part of the spectrum with RedEdge in the
shooting phase, the influence of the soil type factor decreased to 40%.

According to the discriminant analysis, the ability of vegetation indices calculated for winter
wheat crop canopy to distinguish between winter wheat crops growing on different soil types changed
from the classification accuracy of 94.1% (EVI2) in the tillering stage to 75% (EVI2 and SAVI) in the
shooting stage to 82.6% in the milky ripeness stage (EVI2, SAVI, NDVI).

The range of sensitivity of vegetation indices to the soil background changed depending on soil
type. The indices showed the greatest sensitivity on the gray forest soil when the crops were in the
phase of milky ripeness and on the leached chernozem when the winter wheat crops were in the
tillering phase.

While the exact results obtained are valid only for the analyzed soil types and winter wheat crops,
the general patterns identified (large influence of soil type factor on SAVI and EVI, spectral regions
of highest soil influence) will be common to crops biologically similar to winter wheat. There may
be some differences in the influence of soil background on the reflectance of crop canopy when other
winter wheat varieties are concerned. However, this is a subject for further research.
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The observed behavior can be used to develop indices, invariant to secondary variations caused
by soil type factor, which can be applied for the remote assessment of the state of winter wheat crops
growing on different soils.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/16/1932/s1,
Table S1: Spectral reflectance of winter wheat crop canopy in Red, Red Edge and NIR regions of spectrum, Table
S2: NDVI values for winter wheat crop canopy, Table S3: EVI2 values for winter wheat crop canopy, Table S4:
SAVI values for winter wheat crop canopy, Table S5: Influence of soil type factor on values of vegetation indices of
winter wheat crop canopy at tillering stage (ANOVA results, supporting Figure 7a of original manuscript), Table
S6: Influence of soil type factor on values of vegetation indices of winter wheat crop canopy at shooting stage
(ANOVA results, supporting Figure 7b of original manuscript), Table S7: Influence of soil type factor on values of
vegetation indices of winter wheat crop canopy at milky ripeness stage (ANOVA results, supporting Figure 7c of
original manuscript), Table S8: Results of post hoc analysis for tillering stage: multiple comparisons using Sheffe
criterion (ANOVA results, supporting Section 3.4.1. of original manuscript), Table S9: Results of post hoc analysis
for shooting stage: multiple comparisons using Sheffe criterion (ANOVA results, supporting Section 3.4.2. of
original manuscript), Table S10: Results of post hoc analysis for milky ripeness stage: multiple comparisons using
Sheffe criterion (ANOVA results, supporting Section 3.4.3. of original manuscript), Table S11: Average values of
soil reflectance in red part of spectrum and vegetation indicies (presented data on soil was used to create Figure 8
of original manuscript).
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