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Abstract: Symptoms of root stress are hard to detect using non-invasive tools. This study reveals
proof of concept for vegetation indices’ ability, usually used to sense canopy status, to detect root
stress, and performance status. Pepper plants were grown under controlled greenhouse conditions
under different potassium and salinity treatments. The plants’ spectral reflectance was measured
on the last day of the experiment when more than half of the plants were already naturally infected
by root disease. Vegetation indices were calculated for testing the capability to distinguish between
healthy and root-damaged plants using spectral measurements. While no visible symptoms were
observed in the leaves, the vegetation indices and red-edge position showed clear differences between
the healthy and the root-infected plants. These results were achieved after a growth period of 32 days,
indicating the ability to monitor root damage at an early growing stage using leaf spectral reflectance.
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1. Introduction

Plants may be damaged by biotic stress such as fungi, bacteria, viruses, or nematodes,
or abiotic stress such as drought, salinity, extreme temperature, or physical damage [1]. Both
biotic and abiotic stress in plants may damage different tissues and organs of the plant. The
primary role of roots is to absorb water and minerals to support the shoot demands. Any
limitation of the root capabilities will reduce shoot productivity and eventually yield [2].
Moreover, prolong biotic or abiotic root rot disease reduces plant health and may eventually
kill the plant [3,4]. Healthy roots are generally white and firm, while decayed roots may be
darker, smaller, and contain mucus. Root rot severity depends on abiotic factors such as soil
compaction, low oxygen level, unsuitable pH, irrigation patterns, and temperature [5,6].
Soilborne pathogens generally cause root rot disease induced by biotic factors, mainly
fungi, spread through infected irrigation equipment and may infect different organs [7,8].

Remote sensing and imaging spectroscopy can monitor vegetation status from the leaf
scale through the canopy to the field scale. It has advanced our ability to understand and
optimize agricultural processes by estimating growth variables that change throughout
the season, such as pigment concentration, leaf area index, or yield. The most direct mea-
surement is a contact measurement using a spectrometer that measures the light emitted
from a synthetic light source and reflected from the leaf. These measured spectra can later
be compared with spectra collected from afar, which typically contain artifacts from sun
illumination, atmospheric effects, and viewing angles [9,10]. One key factor in analyzing
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vegetation is the red-edge in the reflectance domain. The red-edge is the transition between
the strong absorbance in the red region by Chlorophyll (Chl) pigment and the relatively
high reflectivity in the NIR region attributed to the scattering effect caused by the internal
leaf structure [11,12]. The red-edge position (REP) is defined as the wavelength at the in-
flection point of the reflectance spectrum across the red-edge domain (690 nm–740 nm) [12].
It is mainly affected by the leaf Chl content and internal leaf structure and is less sensitive
to canopy variability [13]. In healthy plants, the REP shifts to longer wavelengths with
the increase in Chl. Accordingly, REP is used to monitor plant growth stages and stress
status of the plant, as it also shifts to longer wavelengths as leaves mature until the onset of
senescence, when a reverse trend may be observed [11]. REP was also shown to be affected
by plant diseases [14], heavy metals [11], water stress [15,16], and nutrient deficiency [17].
In the past few years, the REP was a key factor in monitoring forest canopies, creating
land cover maps, crops yield estimations, and foliar pests infection [9,18–22]. As the exact
REP position is crucial, it is best extracted when a high spectral resolution sensor is used,
allowing for the detection of small changes.

Vegetation analysis by remote sensing data is also carried out using vegetation indices
based on selected bands and wavelengths [23]. Vegetation indices are typically calculated
from two or three bands, either narrowband or broadband [23,24]. The most cited index
is the normalized difference vegetation index (NDVI), enhancing the signal of green
vegetation and tracking seasonal changes driven by plant growth and decline. Many
other vegetation indices are established, each developed to tackle different remote sensing
obstacles and utilize different parts of the spectrum. Vegetation is also monitored using
point and imaging spectroscopy sensors, where the high spectral resolution is exploited to
estimate chemical composition and physiological processes using spectral tools ([25–27]).

There are many reports on REP and VI use in vegetation monitoring; however, infor-
mation on spectral changes caused by root damage are very few [28–30] and are typical
of wilted or dead samples. The current manuscript presents whole-plant physiological
measurements under controlled conditions of pepper plants and their leaf spectral mea-
surements. Some plants suffered from unexpected root rot disease. Accordingly, this study
analyzes and reports the spectral changes associated with the damage to those specific
infected plants.

2. Materials and Methods

Four-week-old seedlings of 72 pepper plants (Capsicum annum) were transplanted to
pots and grown in a greenhouse [31] during April 2019, at the Hebrew University, at the
Faculty of Agriculture in Rehovot, Israel. A fertigation experiment was designed to test
potassium’s effect on plant performance using continuous physiological measurements,
with the added effect of salinity, known to reduce yield. The 72 plants were divided into
eight plants per group. Each group was given different treatments from the combination
of three potassium levels (low, control, high) and three levels of salinity (water, medium,
and high). Potassium levels of 30 PPM, 105 PPM, and 180 PPM were administered to the
low, control (optimal), and high treatments, respectively. The salinity treatments were
H2O, 0.03 M NaCl, and 0.05 M NaCl. The pots’ weight was logged every three minutes
by computerized weighing lysimeters, using PlantArray 3.0 (www.plantditech.com). The
system was used to calculate the daily plant weight and daily transpiration [32]. The plant
weight was calculated by reducing the pot and growing medium weight from the final
weight. The pots were covered with a custom cap that only allowed the shoot stem through
it, which enabled us to determine the daily transpiration. The irrigation was only applied
at night. Thus, the daily transpiration was calculated as the weight difference between the
early morning weight and the evening weight; no irrigation was applied during that time.
PlantArray 3.0 was also used for logging daily photosynthetic active radiation (PAR) and
vapor pressure deficit (VPD).

Although the growing period of pepper may be six to eight months, the fertilization
experiment enabled capturing a full physiological response profile in a few weeks, thus
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it was terminated after 32 days. Then, the plants’ stems were cut above the first node
and photographed. Each plant’s roots were washed in fresh water to remove the growing
medium residues (quartz sand). The roots were found to have ranging degrees of root
rot disease, as seen in Figure 1. Judging the roots by their color (light to dark), size, and
mucosity, they were categorized into six levels of root damage, from r0 (no damage) to r5
(severe damage) by an expert agronomist. Very few samples were classified as r1–r3 (n = 5);
many were severely infected (r4–r5, n = 19), and the majority of plants were classified as
not infected (n = 38). Several plants (n = 10) did not transplant well and were removed
from the analysis. Figure 1 presents an example of each category and summarizes the strict
root rot category from r0 to r5. The roots were dried in an oven at 65 ◦C for 48 h. After the
roots were dry, the weight of each root was measured.
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Figure 1. Representative image of fresh shoots and roots from six levels of root rot disease. Leftmost pair: healthy root (r0).
Rightmost: most damaged root (r5). The number of plants per group is depicted on the top row. Images were taken on the
last day of the experiment (32 days after transplanting to the pots).

Spectroscopic Measurements and Spectral Processing

At the end of the experiment, the three youngest fully grown leaves were selected
from each plant. Before the roots were cut, the leaves were cut and immediately measured
by an ASD FieldSpec-Pro and a contact probe [10]. The leaves were gently pressed (without
compression) between a black surface and the contact probe’s lens. Each leaf was mea-
sured in three different spots, resulting in nine spectral measurements per plant that were
averaged to represent one representative spectral reflectance per plant [33,34]. Reflectance
was calculated by calibrating the spectrometer against a white reference panel (Spectralon,
Labsphere inc.) every five plants.

To check which spectral bands present significant differences in the reflectance values
between the groups, an analysis of variance (ANOVA) was calculated [35]. The Kruskal–
Wallis test was used (α = 0.05) when the ANOVA assumptions were not met (normality
and homogeneity of variance). The mean plant reflectance spectrum was converted to
the first derivative spectrum for locating the red-edge position, and the local maximum
between 680 and 720 nm was registered for each plant.

The spectra were resampled to common bandwidths of the public domain Sentinel 2
bands using a Gaussian spectral response function (Table 1). Among other things, Sentinel
2 bands were carefully selected to monitor vegetation, and a multispectral sensor may be
more straightforward and sufficient for low altitude imaging of plants infected with root
rot. The resampling process enabled to check whether multispectral sensors may observe
these differences among the plants’ spectra, in addition to the very high spectral resolution
recorded by the spectrometer. The significance of differences in reflectance between the
groups was tested again using the resampled bands. In addition, six established vegetation
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indices were calculated (Table 2) and tested for their ability to separate the plants by their
root damage level using ANOVA followed by the Tukey honestly significant difference
post hoc test (α = 0.05).

Table 1. The band centers used for resampling the ASD resolution.

Sentinel 2 Band Index Center Wavelength (nm) Bandwidth (nm)

Ultra-blue B1 442.7 432.2–453.2

Blue B2 492.4 459.4–525.4

Green B3 559.8 541.8–577.8

Red B4 664.6 649.1–680.1

Re1 B5 704.1 696.6–711.6

Re2 B6 740.5 733–748

Re3 B7 782.8 772.8–792.8

Nir B8 832.8 779.8–885.8

Nir_n B9 864.7 854.2–875.2

SWIR1 1613.7 1567.2–1659.2

SWIR2 2202.4 2114.9–2289.9

Table 2. The vegetation indices used in this study as calculated based on simulated Sentinel 2
bands configuration.

Vegetation Index Abbreviation Formula References

Normalized
difference vegetation

index
NDVI ρB8−ρB4

ρB8+ρB4 Tucker (1979) [36]

Green normalized
difference vegetation

index
GNDVI ρB9−ρB3

ρB9+ρB3
Gitelson et al. (1996)

[37]

Red-edge normalized
vegetation index RENDVI ρB6−ρB5

ρB6+ρB5
Gitelson et al. (1994)

[38]

Modified chlorophyll
absorption in

reflectance
MCARI

(ρB5 − ρB4)−
0.2(ρB5 − ρB3)

(
ρB5
ρB4

) Daughtry et al. (2000)
[39]

Visible
Atmospherically
Resistant Index

VARI (ρB3−ρB4)
(ρB3+ρB4+ρB2)

Gitelson et al. (2002)
[40]

Sentinel 2 red-edge
position S2REP 705 + 35((((B7 + B4)/2) −

B5)/(B6 − B5))
Frampton et al. 2013

[41]

3. Results and Discussion

All the treatments, except for one (the combination of low potassium levels and high
salinity), were found to have both healthy and diseased plants (Figure 2, Table 3). The
absence of diseased plants in this treatment is attributed to a chance occurrence, as both
low potassium and high salinity in other treatments were infected.
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Figure 2. The number of plants per treatment that were healthy or diseased.

Table 3. Plant treatments.

ID Treatment

1A Low potassium + H2O

1B Medium potassium + H2O

1C High potassium + H2O

2A Low potassium + medium salinity

2B Medium potassium + medium salinity

2C High potassium + medium salinity

3A Low potassium + high salinity

3B Medium potassium + high salinity

3C High potassium + high salinity

Grouping the plants’ weight based on their disease level revealed that the high severity
of the root damage (r4,r5) significantly affected the final plant’s weight since it inhibited
their ability to grow in size by reducing their water uptake from the growing medium
(Figure 3A). The differences in plant mean weight and the roots dry weight (Figure 3B)
indicate that the disease had started during the early stages of the experiment. If the condi-
tion was less advanced, its effects would likely be less severe and would not significantly
differ between the groups. This inhibition is also observed in Figure 4, which depicts
the plants’ daily transpiration by damage levels and daily PAR and VPD changes. The
infected plants had a significantly lower final weight, and their daily transpiration was also
lower from day 14 until the end of the experiment. The small sample size of non-severe
root damage (r1–r3) indicates that these plants were probably damaged late during the
experiment instead of r4–r5 plants. Figure 4 shows how healthy and infected plants’ daily
transpiration responded to changes in the ambient conditions, that is, on days 13 and 30, as
the PAR and VPD were low in the greenhouse.

Comparing the mean spectra of the infected and healthy plant groups shows a minor
spectral difference, both in the high resolution and the resampled lower resolution. How-
ever, these minor spectral differences are significant in the visible and red-edge portions of
the spectrum but not for any other bands (Figure 5). Although the damage affected the
roots, the spectra of groups r4–r5 show the highest reflectance in the green region, and
r5 has the lowest reflectance from the NIR plateau (~750 nm) to the upper limit of the
ASD spectral region (2500 nm). The spectral differences between the different root damage
groups demonstrated by the high spectral resolution of the ASD spectrometer were not lost
when the spectra were resampled to a lower spectral resolution: the bands between 450
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and 750 nm were significantly different between the groups, but bands outside this region,
namely B1 and B7–B11, were not different. Moreover, the groups’ red-edge position shows
a significant decrease towards lower wavelengths by 5–6 nm from healthy to infected
plants (Figure 6). This is in agreement with previous findings by Milton et al. [42], where
stressed plants treated with high concentration arsenic or selenium treatments exhibited
similar spectra.
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damaged plants (r4,r5) from day 14 until the end of the experiment (p < 0.05). *r1,r2,r3 do not have error bars since they
have less than three samples.
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All the calculated VIs could separate r0 from r4 or r5 groups, based on the mean index
value (Figure 6). In comparison, separating between r4 and r5 was not possible with any of
the calculated VI.

The most sensitive VI is MCARI, which has the highest slope between the r0 mean
value and r4. In addition, MCARI and VARI show a positive association with the increase
in damage level, as opposed to the other VIs that show a negative association.

Chl content in leaves is known to change from low to high content as leaves ma-
ture [12,25,43]. This variance in Chl content is linearly correlated with a shift in REP.
Differences in REP (up to 10 nm) were previously reported to be the results of different
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diseases such as yellow mosaic disease [14] and two-spotted spider mite damage [22].
Additionally, water stress was also reported to cause a shift in the REP in maize [15] and a
general decrease in the infrared channel in citrus trees affected by footrot [44]. While these
shifts are the results of plant shoot changes, the RE shift reported in this research was not
associated with any noticeable visual symptoms.

On the contrary, the REP was associated with the root damage. During the experiment,
daily visual inspection of the leaves did not detect any visual symptoms. Moreover, routine
inspection of the plants’ daily transpiration using the logged values hinted that several
of the plants have abnormal values. These abnormalities were verified at the end of
the experiment.

The REP of healthy and damaged plants was significantly different using the high
spectral resolution data, and VI could be similarly calculated from the resampled data to
express these differences. Nonetheless, the resampling to the lower spectral resolution
of Sentinel 2 proved that even a few bands are sufficient to detect abnormalities when a
naked eye cannot. Nevertheless, the REP in the resampled spectra that was estimated using
the Frampton et al. [41] method was several nanometers higher than the original high-
resolution spectra. Similarly, the sensitivity between r0 and r4 was lower in the resampled
spectra. Current multispectral technology is continually getting cheaper, and unmanned
aerial vehicles (UAV), amongst other remote sensing means from the air and orbit domain,
are exploited for precision farming and phenotyping practices. It is not unlikely that in the
near future, in addition to nutrient deficiencies being detected from leaves’ spectral signal,
root disease may also be detected in early growing stages, as demonstrated here. Using the
leaves spectral signature as an antenna to account for root zone conditions is not a new
idea. As Zhang et al. [45] demonstrated, soil salinity at the root zone can be inferred by
the canopy’s spectral response using high spectral resolution data. This study proposed a
method to detect the root status under several root zone conditions (nutrient and salinity
content) using the leaves spectral signals.

4. Conclusions

This study focused on the potential to identify root damage using high and multi-
spectral resolution during the early stages of a growing season. It was the first to bring
proof of concept and demonstrate early-stage spectral reflectance changes caused by root
malfunctioning. Although the leaves did not show any noticeable visible change during
the experiment, as an indication of the underground disease development, the measured
daily transpiration declined with disease development, and the final plant weight was
lower for damaged plants. Additionally, the red-edge shift agreed with these trends. The
VIs calculated were significantly different between the damaged plants and healthy ones
based on the spectrum alone and were supported by the bio-physiological measurements
(root dry weight, daily transpiration, and plant weight).

VIs are typically used to track plant growth and development by correlating the
indices with biophysical data such as pigment content. However, in a scenario where
everything seems normal and a spectral change is obtained, root disease may be discovered
early on and treated before significant damage to the plants and yield occurs.
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