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Abstract: Soil drought and salinization are key abiotic stressors for agricultural plants; the
development of methods of their early detection is an important applied task. Measurement
of red-green-blue (RGB) indices, which are calculated on basis of color images, is a simple
method of proximal and remote sensing of plant health under the action of stressors.
Potentially, RGB indices can be used to estimate narrow-band reflectance indices and/or
photosynthetic parameters in plants. Analysis of this problem was the main task of the
current work. We investigated relationships of six RGB indices (r, g, b, ExG, VEG, and
VARI) to widely used narrow-band reflectance indices (the normalized difference vegetation
index, NDVI, and photochemical reflectance index, PRI) and the potential quantum yield
of photosystem II (Fv/Fm) in wheat and pea plants under soil drought and salinization.
It was shown that investigated RGB indices, NDVI, PRI, and Fv/Fm were significantly
changed under the action of both stressors; changes in some RGB indices (e.g., ExG) were
initiated on the early stage of action of drought or salinization. Correlation analysis showed
that RGB indices (especially, ExG, VARY, and g) were strongly related to the NDVI, PRI, and
Fv/Fm; linear regressions between these values were calculated. It means that RGB indices
measured by simple and low-cost color cameras can be used to estimate plant parameters
(NDVI, PRI, and Fv/Fm) requiring sophisticated equipment to measure.

Keywords: soil drought; salinization; RGB indices; ExG; VARY; NDVI; PRI; Fv/Fm;
pea; wheat

1. Introduction
The climatic changes, which are accompanied by increasing temperature and irregular

precipitations, and faulty irrigation contribute to soil drought and salinization [1,2]. It is
known that drought and salinization decrease water exchange suppressing the photosyn-
thetic CO2 assimilation through stomata closure [2,3] and disrupt transport of nutrients [3,4].
The oxidative stress, which can also be induced by action of these stressors, causes the
destruction of biological membranes and damage of photosynthetic machinery [2,5]. As
a result, the prolonged action of soil drought and salinization strongly decreases plant
growth and productivity [1,2]. It means that early detection of the action of drought and
salinization on plants is an important task for agriculture. Solution of this task can be based
on remote and proximal sensing of characteristics of plants using optical methods which
are a powerful tool of plant cultivation [6,7].
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Light plays an important role in plant life because it is an energy source for pho-
tosynthesis and productivity [8] and a regulator of physiological processes [9], water
exchange [10], development, and growth [11]. On the other hand, changes in absorption
and reflectance of light can show information about processes in plants [12,13]; analysis
of reflected light (back scattered light) is especially important for remote and proximal
sensing of plants. Particularly, it is known that a reduction in pigment content (or its
photoinhibition), which can be induced by the action of adverse factors (including drought
and salinization), decreases light absorption and increases reflectance in plants; on the other
hand, structural changes during plant development or under action of stressors influence
the scattering of light in the leaf lamina [12–16]. Considering an influence of mineral
nutrition on accumulation of photosynthetic pigments and development of leaves [15,17],
characteristics of this nutrition can also be estimated on the basis of plant optical character-
istics. As a result, the remote and proximal sensing of plants can be the basis of estimation
of their growth, prediction of crops, effective application of fertilizers, detection of influence
of stressors, and others [7,18,19]. Thus, development of methods of increasing informativity
of analysis of images, which can be the basis of decision making, is an important problem
of plant cultivation.

Spectral imaging is based on measurement, analysis, and interpretation of spectral
characteristics of reflected light which is back scattered by internal structures in leaf lamina.
There are three main approaches for imaging of reflected light [12,13,20]: imaging of
reflectance spectra (the hyperspectral imaging), imaging of reflectance in several narrow
spectral bands (the multispectral imaging), and imaging of reflectance in three broad
spectral bands (the red (R)-green (G)-blue (B) imaging).

Analysis of results of the hyperspectral and multispectral imaging can be based on
calculation of narrow-band reflectance indices [12,15,21], which are often calculated using
reflectance in two or three narrow spectral bands and are non-dimensional. Particularly,
the normalized difference vegetation index (NDVI) and photochemical reflectance index
(PRI) are narrow-band reflectance indices, which are widely used in remote and proximal
sensing of plants [16,20,22,23]; varying platforms (from handheld devices to unmanned
aerial vehicles, airplanes, and satellites [6,7,12,16]) can be used for their measurements.
It is known that the NDVI mainly shows total photosynthetic biomass and chlorophyll
content in plants [12,24,25]. This reflectance index can be used to remote sensing of plant
characteristics in various time ranges including multi-year time series [26–28]; in the last
case, the NDVI can be used as the basis of calculation of a gross primary production
of plants [26,27]. In contrast, PRI can also be related to fast changes in photosynthetic
processes under action of adverse factors (e.g., excess light) through sensitivity of this index
to transitions in the xanthophyll cycle [16,23,29] and to the shrinkage of chloroplasts [16,30];
both processes are stimulated by acidification of the chloroplast lumen and, therefore, are
related to photosynthetic processes in plants (e.g., to the energy-depended component of
the nonphotochemical quenching of chlorophyll fluorescence). Particularly, it is known
that the NDVI and PRI are sensitive to drought and salinization and can be used to detect
presence of these stressors [16,31].

Despite the efficiency of the hyperspectral and multispectral imaging for remote
and proximal sensing of plants, these approaches require sophisticated and high-cost
equipment [13], which restricts using the NDVI and PRI for plant monitoring. In con-
trast, RGB indices, which are calculated on basis of broad reflectance bands (R, G, and
B) measured by color cameras, can be a simple and low-cost method of plant remote
and proximal sensing [13]. It is known that RGB indices are strongly correlated with
many plant characteristics, including concentration of chlorophylls and carotenoids [32,33],
nitrogen content [19], biomass [34], leaf area index [35,36], and others. However, these
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relations can be dependent on many factors including the stage of development [35,37],
plant cultivar and species [38,39], leaf thickness and overlapping [38,40], or conditions of
measurement [13]. It means that development of methods to improve the efficiency of
using RGB indices is an important task of plant remote and proximal sensing.

Searching RGB indices, which are strongly related to narrow-band reflectance indices
(particularly, the NDVI and PRI) and can be used for their calculation (e.g., on the basis of
regressions), is an important step in this development. The dependence of RGB indices [13]
and the most of narrow-band reflectance indices including NDVI [24,25] and PRI [16] on
content of photosynthetic pigments theoretically shows that RGB indices can be potentially
used to estimate many narrow-band indices. There are numerous works which show
the relationships of narrow-band reflectance indices to different plant characteristics and
provide regression equations to describe these relationships (see, e.g., our review [12]). It
is probable that analogues of narrow-band indices, which are calculated on basis of RGB
indices, can also be used in these regressions providing a simple alternative of multispectral
and hyperspectral imaging.

There are the few works showing correlations of RGB indices with narrow-band [41]
and broad-band [33] reflectance indices; additionally, some works [42–44] show the recon-
struction of hyperspectral images on the basis of RGB images using machine learning meth-
ods. These results show that RGB indices can be potentially used to estimate narrow-band
reflectance indices; however, this problem requires further experimental investigations.

An alternative way of improving the efficiency of using RGB indices can be based on
further investigations of relations between these indices and plant characteristics. Searching
RGB indices, which are sensitive to photosynthetic parameters, can be especially important
for remote and proximal sensing of plants. Particularly, RGB indices-based estimation of the
potential quantum yield of photosystem II (Fv/Fm) under action of the stressors can be used
as an important tool of monitoring of plant health because Fv/Fm is a sensitive indicator of
plant photosynthetic performance, which is decreased under action of adverse factors and
following photodamage of the photosynthetic machinery [45]. It is known that Fv/Fm can
be strongly decreased under the action of drought [46,47] and salinization [48,49] in plants
including pea and wheat [47,50,51].

Thus, our investigation was devoted to searching RGB indices strongly related to
the NDVI, PRI, and Fv/Fm in pea and wheat plants under action of soil drought and
salinization. Developing regression equations, which could be used to estimate the NDVI,
PRI, and Fv/Fm on the basis of the detected RGB indices under the action of these stressors,
was the second task of the current investigation. It was expected that the solution of both
tasks could be the basis of tools to estimate narrow-band reflectance indices (NDVI, PRI)
and photosynthetic parameters (Fv/Fm) under the action of drought and salinization using
RGB images measured by simple and low-cost color cameras.

To solve these tasks, we analyzed six widely used RGB indices including the nor-
malized red coordinate (r), normalized green coordinate (g), normalized blue coordinate
(b), excess green index (ExG), vegetative index (VEG), and visible atmospherically resis-
tance index (VARI) [13]. It was known that these RGB indices could be related to content
of chlorophylls [13]; i.e., their relationships to photosynthetic parameters and narrow-
band reflectance indices (at least, to indices, which were dependent on concentration of
photosynthetic pigments) seemed to be probable.

2. Results
2.1. Influence of Soil Drought on RGB Indices, NDVI, PRI, and Fv/Fm

The influence of soil drought on RGB indices, NDVI, PRI, and Fv/Fm in pea and
wheat plants was analyzed on the first stage of the current investigation (Figure 1). It was
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shown (Figure 1a,b) that soil drought decreased Fv/Fm from about 0.8 to about 0.2 (pea
plants) or about 0.1 (wheat plants) after 12 days of its action. A significant decrease was
initiated from the 8th day of the drought action for both plants.
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Figure 1. Dynamics of drought-induced changes in the potential quantum yield of the photosystem
II (Fv/Fm) in pea (a) and wheat (b), the normalized difference vegetation index (NDVI) in pea (c)
and wheat (d), and photochemical reflectance index (PRI) in pea (e) and wheat (f) (n = 10). Asterisks
show significant differences between the plants under drought and control conditions (*, p < 0.05;
**, p < 0.01; ***, p < 0.001).

Analysis of narrow-band reflectance indices (NDVI and PRI) showed qualitatively
similar results: both indices were decreased under the action of soil drought (Figure 1c–f).
A significant decrease in the NDVI was initiated from the 5th day of the drought action
in both pea and wheat plants. A significant decrease in the PRI was initiated from the 8th
day of the drought action in pea plants; in contrast, it was initiated from the 1st day of soil
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drought in wheat plants. These results showed that the NDVI (in pea and wheat plants)
and PRI (in wheat plants) could be more sensitive to drought action than Fv/Fm; this result
supported the possibility of their using to detect the drought action on plants.

The influence of soil drought on RGB indices was further analyzed. It was shown
(Figure 2) that changes in RGB indices in pea plants could have intricate dynamics. Par-
ticularly, the dynamic of drought-induced changes in r included significant decrease and
following increase (Figure 2a); in contrast, dynamics of changes in b (Figure 2c) and VARI
(Figure 2f) included significant increase and following decrease. g, ExG, and VEG were
decreased under the drought action in pea plants (Figure 2b,d,e); significant decrease was
initiated from the 3rd day of soil drought.
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Figure 2. Dynamics of drought-induced changes in the normalized red coordinate (r) (a), normalized
green coordinate (g) (b), normalized blue coordinate (b) (c), excess green index (ExG) (d), vegetative
index (VEG) (e), and visible atmospherically resistance index (VARI) (f) in pea plants (n = 10).
Asterisks show significant differences between the plants under drought and control conditions
(*, p < 0.05; **, p < 0.01; ***, p < 0.001).

Drought-induced changes in RGB indices in wheat plants had more simple dynamics
(Figure 3). It was shown that r was significantly increased (Figure 3a); in contrast, g
(Figure 3b), ExG (Figure 3d), VEG (Figure 3e), and VARI (Figure 3f) were significantly
decreased under soil drought. Changes in the RGB indices (r, g, ExG, VEG, and VARI) were
initiated from the 3rd day of the drought action; i.e., these indices were more sensitive to
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this action than the NDVI. In contrast, b was stably and significantly increased from the
10th day of the drought action (Figure 3c).
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Figure 3. Dynamics of drought-induced changes in the normalized red coordinate (r) (a), normalized
green coordinate (g) (b), normalized blue coordinate (b) (c), excess green index (ExG) (d), vegetative
index (VEG) (e), and visible atmospherically resistance index (VARI) (f) in wheat plants (n = 10).
Asterisks show significant differences between the plants under drought and control conditions
(*, p < 0.05; **, p < 0.01; ***, p < 0.001).

Thus, our results showed that the investigated RGB indices were mainly sensitive to
action of soil drought; moreover, their changes could be initiated earlier than changes in
Fv/Fm or narrow-band reflectance indices.

2.2. Influence of Salinization on RGB Indices, NDVI, PRI, and Fv/Fm

An influence of salinization on RGB indices, NDVI, PRI, and Fv/Fm in pea and wheat
plants was analyzed on the second stage of the current investigation (Figure 4). It was
shown (Figure 4a) that the 400 mM NaCl treatment decreased Fv/Fm from about 0.8 to
about 0.25 in pea plants after 12 days of this treatment; in contrast, the 100 mM and 200 mM
NaCl treatments did not stably influence Fv/Fm. A decrease in Fv/Fm was initiated in pea
plants from the 8th day of the 400 mM treatment. In wheat plants, all variants of the NaCl
treatments (100, 200, and 400 mM) significantly decreased Fv/Fm from about 0.8 to about
0.3–0.5 after 12 days of these treatments (Figure 4b). A decrease in Fv/Fm was initiated in
wheat plants from the 1st day of the 100 and 200 mM NaCl treatments and from the 5th
day of the 400 mM NaCl treatment.



Plants 2025, 14, 1284 7 of 22

Plants 2025, 14, x FOR PEER REVIEW  7  of  23 
 

 

mM NaCl treatments did not stably influence Fv/Fm. A decrease in Fv/Fm was initiated 

in pea plants from the 8th day of the 400 mM treatment. In wheat plants, all variants of 

the NaCl treatments (100, 200, and 400 mM) significantly decreased Fv/Fm from about 0.8 

to about 0.3–0.5 after 12 days of these treatments (Figure 4b). A decrease in Fv/Fm was 

initiated in wheat plants from the 1st day of the 100 and 200 mM NaCl treatments and 

from the 5th day of the 400 mM NaCl treatment. 

 

Figure 4. Dynamics of salinization-induced changes in the potential quantum yield of the photosys-

tem II (Fv/Fm) in pea (a) and wheat (b), normalized difference vegetation index (NDVI) in pea (c) 

and wheat (d), and photochemical reflectance index (PRI) in pea (e) and wheat (f) (n = 10). The 100 

mM, 200 mM, and 400 mM NaCl solutions were used to induce salinization. Asterisks show signif-

icant differences between the plants under drought and control conditions (*, p < 0.05; **, p < 0.01; 

***, p < 0.001); the color of the asterisks shows the NaCl concentration. 

The  influence of salinization on  the NDVI was qualitatively  similar. The 400 mM 

NaCl treatment decreased the NDVI in pea plants from the 5th day of this treatment (Fig-

ure 4c); in contrast, the 100 and 200 mM NaCl treatments weakly influenced the NDVI. In 

Figure 4. Dynamics of salinization-induced changes in the potential quantum yield of the pho-
tosystem II (Fv/Fm) in pea (a) and wheat (b), normalized difference vegetation index (NDVI) in
pea (c) and wheat (d), and photochemical reflectance index (PRI) in pea (e) and wheat (f) (n = 10).
The 100 mM, 200 mM, and 400 mM NaCl solutions were used to induce salinization. Asterisks
show significant differences between the plants under drought and control conditions (*, p < 0.05;
**, p < 0.01; ***, p < 0.001); the color of the asterisks shows the NaCl concentration.

The influence of salinization on the NDVI was qualitatively similar. The 400 mM NaCl
treatment decreased the NDVI in pea plants from the 5th day of this treatment (Figure 4c);
in contrast, the 100 and 200 mM NaCl treatments weakly influenced the NDVI. In wheat
plants, all salinization treatments decreased the NDVI from the 3rd (100 mM NaCl), 8th
(200 mM NaCl), and 5th (400 mM NaCl) days of these treatments (Figure 4d). The NaCl
treatments also decreased the PRI in pea and wheat plants. Decreasing PRI was initiated in
pea plants from the 12th, 8th, and 1st days after treatments by 100, 200, and 400 mM NaCl,
respectively (Figure 4e). In wheat plants, significantly decreasing the PRI was initiated
from the 1st, 5th, and 3rd days after treatments by 100, 200, and 400 mM NaCl, respectively
(Figure 4f).

The dynamics of salinization-induced changes in RGB indices were not stable
(Figures 5 and 6), especially, in wheat plants. Two-phasic changes could be observed
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for some indices (e.g., r and VARI in pea plants, Figure 5a,f). It was shown that saliniza-
tion mainly increased r (Figure 5a) and b (Figure 5c) and decreased g (Figure 5b), ExG
(Figure 5d), VEG (Figure 5e), and VARI (Figure 5f). The 400 mM NaCl treatment induced
changes in indices with largest magnitudes; changes in some RGB indices (particularly, g,
ExG, and VEG) were initiated from the 1st day of this treatment. Changes induced by the
100 and 200 mM NaCl treatments were not stable.
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Figure 5. Dynamics of salinization-induced changes in the normalized red coordinate (r) (a), nor-
malized green coordinate (g) (b), normalized blue coordinate (b) (c), excess green index (ExG) (d),
vegetative index (VEG) (e), and visible atmospherically resistance index (VARI) (f) in pea plants
(n = 10). The 100 mM, 200 mM, and 400 mM NaCl solutions were used to induce salinization. Aster-
isks show significant differences between the plants under drought and control conditions (*, p < 0.05;
**, p < 0.01; ***, p < 0.001); color of the asterisks shows the NaCl concentration.

In wheat plants, salinization decreased g (Figure 6b), ExG (Figure 6d), and VEG
(Figure 6e); in contrast, b was increased (Figure 6c). The salinization-induced changes in r
(Figure 5a) and VARI (Figure 5f) were intricated: the 400 mM NaCl treatment decreased
r and increased VARI from the 1st to 8th days and increased r and decreased VARI from
10th day. In contrast, the 100 and 200 mM NaCl treatments significantly influenced r
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and VARI in some time points only. It should be noted that experimental and control
dynamics of changes in these RGB indices were mainly not stable; there were time points
with insignificant differences with control values (e.g., the 5th and 8th days for changes
in g), which were observed after points with significant differences (e.g., the 3rd day for
changes in g).
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Figure 6. Dynamics of salinization-induced changes in the normalized red coordinate (r) (a), nor-
malized green coordinate (g) (b), normalized blue coordinate (b) (c), excess green index (ExG) (d),
vegetative index (VEG) (e), and visible atmospherically resistance index (VARI) (f) in wheat plants
(n = 10). The 100 mM, 200 mM, and 400 mM NaCl solutions were used to induce salinization. Aster-
isks show significant differences between the plants under drought and control conditions (*, p < 0.05;
**, p < 0.01; ***, p < 0.001); color of the asterisks shows the NaCl concentration.

Thus, our results showed that salinization-induced changes in Fv/Fm, NDVI, PRI,
and, especially, RGB indices were more intricated than drought-induced changes in these
parameters. However, some RGB indices were strongly sensitive to the salinization action;
e.g., b was mainly increased after action of all the used NaCl treatments (Figures 5c and 6c).
Increasing b could be initiated from the 1st day of the NaCl treatment.
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2.3. Relationships of RGB Indices to Fv/Fm, NDVI and PRI

Further, we analyzed the relationships of RGB indices to Fv/Fm, the NDVI, and PRI
(Table 1). Pearson correlation coefficients were calculated for plants under control and
drought conditions or under control and salinization conditions. We did not analyze control
plants only or plants on early stages of action stressors only, because low magnitudes of
changes in RGB indices, the NDVI, PRI, and Fv/Fm (Figures 1–6) decreased efficiency of
the analysis under these conditions.

Table 1. The Pearson correlation coefficients of RGB to Fv/Fm, NDVI, and PRI. Correlation coefficients
were calculated on the basis of average values of parameters in all time points; average control and
experimental values were separately analyzed (n = 12 for drought and n = 24 for salinization).
Correlation coefficients with absolute value more than 0.58 were significant (p < 0.05).

Pea under soil drought

Fv/Fm NDVI PRI

r −0.9891 −0.8983 −0.8883
g 0.7516 0.9388 0.9333
b 0.6250 0.2868 0.2781

ExG 0.7516 0.9388 0.9333
VEG 0.6303 0.8718 0.8682
VARI 0.9790 0.9434 0.9340

Wheat under soil drought

r −0.8620 −0.9291 −0.9361
g 0.9545 0.9813 0.9783
b −0.8085 −0.7537 −0.7337

ExG 0.9545 0.9813 0.9783
VEG 0.9378 0.9763 0.9716
VARI 0.8842 0.9487 0.9506

Pea under salinization

r −0.8734 −0.7858 −0.7190
g 0.9602 0.9354 0.8980
b −0.8038 −0.8685 −0.8802

ExG 0.9602 0.9354 0.8980
VEG 0.9619 0.9378 0.8987
VARI 0.9102 0.8231 0.7649

Wheat under salinization

r −0.7270 −0.7416 −0.7848
g 0.7504 0.8097 0.7746
b −0.4328 −0.5073 −0.4143

ExG 0.7504 0.8097 0.7746
VEG 0.7562 0.8158 0.7798
VARI 0.7758 0.8096 0.8274

Most of the RGB indices excluding b were strongly correlated with Fv/Fm, NDVI
and PRI; absolute values of the Pearson correlation coefficients were lower in wheat plants
under the salinization action. This result was in accordance with intricated dynamics of
changes in RGB indices in this variant. It should be noted that ExG and VARI seemed to
be strongly correlated with Fv/Fm, the NDVI, and PRI in different experimental variants
(pea/wheat, drought/salinization); these indices were selected as the most effective to
estimate Fv/Fm, the NDVI, and PRI.

Finally, we analyzed scatter plots between the investigated RGB indices and Fv/Fm,
NDVI and PRI to provide linear regression which could be used to quantitatively estimate
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Fv/Fm, the NDVI, and PRI on the basis of RGB indices (Figures 7, 8 and S1–S4). Average
values of parameters in control plants and plants under drought and salinization in all time
points (the 1st, 3rd, 5th, 8th, 10th, and 12th days) were used in these scatter plots. It was
shown that the linear regressions could quantitively describe Fv/Fm, the NDVI, and PRI
on the basis of ExG (Figure 7) and VARI (Figure 8); R2 was more than 0.7 in all variants
excluding estimation of Fv/Fm in wheat plants. Linear regressions on basis of r (Figure S1)
and VEG (Figure S4) had lower determination coefficients; however, these regressions can
also be effective to estimate Fv/Fm, the NDVI, and PRI. Estimation of Fv/Fm, the NDVI
and PRI on the basis of b was not effective (Figure S3). It should be additionally noted that
linear regressions describing relationships of g to Fv/Fm, NDVI and PRI had R2 > 0.70 in
all investigated variants (Figure S2).
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Figure 7. Relationships of ExG to Fv/Fm, NDVI, and PRI. (a) Scatter plots between ExG and
Fv/Fm in pea plants. (b) Scatter plots between ExG and Fv/Fm in wheat plants. (c) Scatter plots
between ExG and NDVI in pea plants. (d) Scatter plots between ExG and NDVI in wheat plants.
(e) Scatter plots between ExG and PRI in pea plants. (f) Scatter plots between ExG and PRI in wheat
plants. Average values of parameters in control plants, plants under soil drought, and plants under
salinization in all time points were analyzed (n = 30). R2 and R are determination and correlation
coefficients, respectively.
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Figure 8. Relationships of VARI to Fv/Fm, NDVI, and PRI. (a) Scatter plots between VARI and
Fv/Fm in pea plants. (b) Scatter plots between VARI and Fv/Fm in wheat plants. (c) Scatter plots
between VARI and NDVI in pea plants. (d) Scatter plots between VARI and NDVI in wheat plants.
(e) Scatter plots between VARI and PRI in pea plants. (f) Scatter plots between VARI and PRI in wheat
plants. Average values of parameters in control plants, plants under soil drought, and plants under
salinization in all time points were analyzed (n = 30). R2 and R are determination and correlation
coefficients, respectively.

Thus, our results showed that ExG, VARI, and g could be effective tools to quantitively
estimate the investigated narrow-band reflectance indices (NDVI and PRI) and the potential
quantum yield of photosystem II (Fv/Fm).

3. Discussion
The global climatic changes and faulty irrigations increase areas which are subject

to influence of salinization and drought [1,2]. Both factors can induce stress changes in
plants [1–5,52] including inhibition of photosynthesis and decrease in productivity. Consid-
ering the influence of soil drought and salinization on plant cultivation, the development
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of methods of early and low-cost remote and proximal sensing of action of these stressors
on plants is an important applied task [12,13,16,31].

Multispectral and hyperspectral imaging, which is the basis of calculation of narrow-
band reflectance indices, is a powerful tool of this sensing [7,12,20]. In particular, the
NDVI [22], which is sensitive to changes in photosynthetic biomass [22] and chlorophyll con-
tent in leaves [24,25], and the PRI [23], which is sensitive to acidification of lumen [16,29,30]
(and, therefore, to photosynthetic activity [53]) and to changes in content of photosynthetic
pigments [54], are widely used indicators of plant health [12]. However, multispectral and
hyperspectral imaging requires sophisticated measuring systems that restricts its using. In
the current work, we investigate alternative RGB imaging, which is based on using simple
color cameras [13,55], and analyze the sensitivity of some RGB indices (r, g, b, ExG, VEG,
and VARI) to the action of soil drought and salinization and their efficiency to estimate
key narrow-band reflectance indices (NDVI and PRI) and the potential quantum yield of
photosystem II.

Our results show that both soil drought and salinization influence most of the in-
vestigated RGB indices (Figures 2, 3, 5 and 6). In particular, g, ExG, VEG, and VARI are
decreased under the action of drought and salinization; in contrast, r is increased under
this action. These changes can be initiated on the early stage of drought and salinization
action on plants; e.g., changes in g and ExG can be initiated in the 1st (pea plants, 400 mM
NaCl) or 3rd (pea and wheat plants, drought) days of action of these stressors. In contrast,
changes in Fv/Fm and the NDVI are observed in the 8th and 5th days, respectively (in
pea and wheat plants under drought; in pea plants under the 400 mM NaCl treatment); it
means that RGB indices can detect stress changes in plants more effectively than Fv/Fm
and the NDVI. Potentially, the PRI can have similar sensitivity to action of stressors (e.g.,
changes in the PRI are induced in the 1st day in wheat under soil drought). However, the
time of initiation of changes in PRI is strongly varied: from the 1st day (Figure 1f) to the 8th
day (Figure 1e); this variability can decrease efficiency of the PRI to estimate the action of
drought and salinization.

It should be noted that changes in b are differed from changes in the other investigated
RGB indices; particularly, b is weakly sensitive to the drought action (Figures 2c and 3c),
but it is strongly sensitive to the NaCl treatment (Figures 5c and 6c) including even the
100 mM NaCl concentration. We suppose that this result is caused by strong dependence
of b on reflectance in the blue spectral region (i.e., on B). It is known [56] that the normal-
ized red–green index, which is not dependent on B, is strongly sensitive to the drought
action; in contrast, normalized red–blue index and normalized green–blue index, which
are dependent on B, are weakly sensitive to drought.

The different sensitivity of b, which is mainly based on B, and other investigated RGB
indices, which are mainly related to R (r), G (g), or all R, G, and B (ExG, VEG, and VARI),
can be caused by different mechanisms of changes in reflectance in different spectral bands.
It is known that chlorophylls absorb light in red and blue spectral regions and carotenoids
absorb light in blue, and less so in green regions [8,23,57]. The degradation of chlorophylls
and carotenoids induces increasing reflectance; the fast degradation of chlorophylls in
comparison to carotenoids contributes to additional increasing reflectance in the red spec-
tral band [14,58–61]. In contrast, the degradation of chlorophylls and carotenoids with
similar rates, which is shown in plants under the action of salinization or drought in some
works [61–63], can additionally increase reflectance in the blue spectral region because
both chlorophylls and carotenoids influence this reflectance. Thus, high sensitivity of b to
the NaCl treatment and low sensitivity to the drought action can be potentially related to
different changes in contents of chlorophylls and carotenoids; maybe, these differences can
be related to specific influence of salinization (e.g., through accumulation of Na+).
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In contrast, the water stress, which is induced by both drought and salinization,
influences red and green reflectance [64,65] changing, e.g., r, g, VEG, and VARI [64,66,67].
These changes can be correlated with water content [66,67]; however, their correlations
with the content of chlorophylls [67] support the participation of changes in concentrations
of pigments in these responses.

Thus, investigated RGB indices are sensitive to the action of drought and salinization.
Times of initiation changes in RGB indices (r, g, ExG, VEG, and VARI for drought and
salinization; b for salinization) and in narrow-band reflectance indices (NDVI and PRI) are
varied in different experimental variants; earlier changes in RGB indices can be observed.
As a whole, both RGB indices and narrow-band reflectance indices have approximately
similar sensitivity to early changes in wheat and pea plants under action of stressors.
Stability of dynamics of RGB indices under control conditions are lower than this stability
of the PRI and, especially, the NDVI; however, fluctuations in control dynamics are not
strongly prevent revealing significant changes in RGB indices. Changes in RGB indices and
narrow-band reflectance indices are large and stable under action of strong drought (from
the 8th day) and salinization (400 mM from the 10th day); changes in these indices under
action of moderate stressors (drought before the 8th day, 400 mM NaCl before the 10th day,
100 and 200 mM NaCl) can be low or instable.

Finally, our results show that the investigated RGB indices (excluding b) are strongly
related to key narrow-band reflectance indices (NDVI and PRI) and to Fv/Fm (Table 1).
Figures 7, 8, S1, S3, and S4 show regression equations which can be used to quantita-
tively estimate the NDVI, PRI, and Fv/Fm on basis of RGB indices. Relationships of
the investigated RGB indices to the NDVI and PRI are in good accordance with the few
works, showing correlations between RGB indices and narrow-band reflectance indices
(see, e.g., [41]). Additionally, the relationships are in good accordance with works [42–44]
showing reconstruction of reflectance spectra or reflectance indices on the basis of RGB
imaging with using machine learning. Thus, our results show that some RGB indices
(particularly, ExG, VARI, and, probably, g) can be used to estimate the NDVI and PRI; i.e.,
RGB imaging can be used instead of multispectral or hyperspectral imaging in this case.

It is known that calculation of the NDVI is based on two narrow reflectance bands
in red and near-infrared spectral regions [12,22] and calculation of the PRI is based on
two narrow reflectance bands in green and yellow spectral regions [16,23]. It means that
both the NDVI and PRI can be related to RGB indices, which are dependent on red and
green spectral regions. ExG and VARI are calculated on the basis of difference between
reflectance in these spectral regions [13]; it can explain strong correlation of these RGB
indices to the NDVI and PRI.

Relationships of the most of the investigated RGB indices to Fv/Fm show that these
indices can be used to estimate photosynthetic parameters under the action of stressors
(drought and salinization). It means that simple color cameras can be potentially used
instead of PAM fluorimeters (at least, to approximately estimate Fv/Fm on basis of regres-
sions adapted to specific plant species). It should be noted that changes in investigated
RGB indices, which are based on reflectance in broad spectral regions [13], and Fv/Fm,
which is based on intensities of fluorescence of photosystem II under measuring and
saturation light [45], can be indirect. Considering similar decreasing content of photosyn-
thetic pigments and Fv/Fm under the strong water stress [46,47], we suppose that the
decreasing content of these pigments under drought and salinization is the basis of rela-
tionships between RGB indices, which can be strongly dependent on concentrations of the
pigments [13,67], and Fv/Fm, which is decreased at damage of photosynthetic machinery
under the action of stressors [45–51].
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Thus, our results show that (i) the investigated RGB indices (r, g, b, ExG, VEG, and
VARI) can be sensitive to action of soil drought and salinization in pea and wheat plants;
(ii) r, g, ExG, VEG, and VARI are strongly related to the NDVI and PRI; (iii) r, g, ExG,
VEG, and VARI are strongly related to Fv/Fm. These results show that investigated RGB
indices can be used to develop methods of early detection of action of stressors on plants
and quantity estimation of the NDVI, PRI, and Fv/Fm on the basis of images measured
by color cameras. These methods will be in demand by farmers and agronomists to
provide precision plant cultivation and by environmental scientists to provide ecological
monitoring. There are following potential advantages of using of RGB indices: (i) low cost
of color cameras which provides their availability; (ii) low weight of color cameras which
provides their localization on various mobile platforms (e.g., unmanned aerial vehicles);
(iii) availability of numerous equipment with built-in color cameras (e.g., smartphones).
Potentially, these advantages can provide wider application of methods of estimation of the
NDVI, PRI, and Fv/Fm on the basis of RGB imaging in comparison with direct estimation
of these parameters by hyperspectral and multispectral cameras or PAM fluorometers.

However, our results have some limitations requiring future investigations. First,
plants were investigated in the measuring stand under controlled laboratory conditions.
It means that estimation of efficiency of these RGB indices under open-air conditions and
sunlight is an important task of future investigations. Second, the sensitivity of investigated
RGB indices to the action of other stressors (e.g., non-optimal temperatures) requires future
investigations. Third, our results show that coefficients of linear regression equations are
differed for wheat and pea plants. It means that the monitoring of other plant species
can require additional parameterization of the regression equations. Fourth, developing
methods of quantity estimation of other narrow-band reflectance indices and photosynthetic
parameters is also an important task of future investigations.

Finally, the analysis of ways of additional increasing efficiency of estimation of the
NDVI, PRI, and Fv/Fm remains an important task of future investigations. Potentially, this
increasing can be based on an analysis of optical models of plant leaf or on investigation of
spatial heterogeneity of RGB indices (at least, we previously showed that spatial hetero-
geneity in reflectance at 530 nm is effective estimator of Fv/Fm under salinization [68]).
Works, which show the efficiency of using texture analysis of color images to estimate
characteristics of plants [69,70] additionally support an importance of analysis of spatial
distribution of RGB characteristics. Using machine learning, which can include using
random forest, support vector machine, extreme gradient boosting, and other methods [71],
is another way of increasing efficiency of remote and proximal sensing of plants based on
their color images [13].

4. Materials and Methods
4.1. Cultivation of Wheat and Pea Plants and Induction of Soil Drought and Salinization

Two–four-week-old pea (Pisum sativum L., cultivar “Albumen”) and wheat (Triticum
aestivum L., cultivar “Daria”) plants were used in the current investigation in accordance
with [56]. Plants were cultivated under controlled conditions of the vegetation room at
23 ◦C and 16 h photoperiod; humidity was not controlled. The illumination was provided
by luminescent lamps FSL YZ18RR (Foshan Electrical And Lighting Co., Ltd., Foshan,
China). Growth light intensity was about 50 µmol m−2s−1. The Thorlabs PM100D optical
power meter (Thorlabs Inc., Newton, MA, USA) with an S120VC sensor (200–1100 nm) was
used to measure intensity of illumination.

Plants were cultivated in pots with the peat soil “Morris Green” (Pelgorskoe M,
Ryabovo, Russia); each pot contained 9 plants. Pots with plants were placed in pallets
(4 pots per pallet for pea plants and 15 pots per pallet for wheat plants), which were used
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for imaging. As a result, 36 pea plants and 135 wheat plants were investigated in each
experimental variant.

Irrigation by 50 mL of water was carried out three times per week (Monday, Wednes-
day, and Friday); the water regime was not changed for control plants. In accordance
with [56], soil drought and salinization were initiated after 2 weeks of plant cultivation.
Soil drought was initiated by the absence of irrigation: the 1st day of drought corresponded
to the 3rd day after termination of irrigation. Salinization was initiated by irrigations with
50 mL of 100, 200, or 400 mM NaCl solution three times per week.

The total duration of action of both stressors was 12 days in accordance with our
previous results [56]. The final relative water content (RWC) in shoots of plants was
calculated on the basis of fresh and dry weights. Shoots of the plants were dried at 100 ◦C
for 4 h using a thermostat TV-20-PZ-K (Kasimov Instrument Plant, Kasimov, Russia). It was
shown (Figure S5) that the final RWC was significantly decreased after drought (from 90%
to 20–30%). Salinization significantly decreased RWC in most variants; particularly, the
final RWC after 12 days of salinization was about 40–60% at 400 mM NaCl. These results
showed that soil drought and salinization induced water stress in wheat and pea plants
and could be used in the further analysis.

4.2. Measurement of Potential Quantum Yield of Photosystem II in Plants

Before measurements, plants were adapted for at least 60 min under dark conditions.
The potential quantum yield of photosystem II (Fv/Fm) was measured by the handheld
pulse amplitude modulation (PAM) fluorometer FluorPen FP 110-LM/D (Photon Systems
Instruments, Drasov, Czech Republic). The wavelength of light from LED emitter was
about 455 nm, the wavelength range of detector was from 667 to 750 nm. Intensity of
saturating pulse light was 2400 µmol m−2 s−1, and intensity of measuring pulse light was
0.027 µmol m−2 s−1. Fv/Fm was calculated using Equation (1) [72]:

Fv/Fm =
Fm − F0

Fm
(1)

where Fm and F0 are maximal and dark fluorescence yields of photosystem II, respectively.

4.3. Measurement of Narrow-Band Reflectance Indices

The hyperspectral images of pallets with plants were measured by the hyperspectral
camera Specim IQ (Specim, Spectral Imaging Ltd., Oulu, Finland) in accordance with [56].
Specim IQ had 400–1000 nm spectral range, 204 spectral bands, approximately 3 nm
sampling interval, and 0.2-megapixel matrix.

The camera was standardly fixed in the measuring stand above pallet with plants, the
distance between plants and camera was about 1 m. Plants were illuminated by halogen
lamps during measurements; the light intensity was about 200 µmol m−2s−1. The white
reflectance standard supplied with the camera Specim IQ was used for each measurement.

We calculated two narrow-band reflectance indices, the NDVI [22] and PRI [23] using
Equations (2) and (3):

NDVI =
R780 − R680

R780 + R680
(2)

PRI =
R531 − R570

R531 + R570
(3)

where R780 and R680 are reflectance of plants at 780 and 680 nm, respectively; R531 and R570

are reflectance at 531 and 570 nm, respectively.
The “plant” pixels in images were identified with using threshold value of the NDVI:

NDVI should be higher than 0.5 for pea and 0.4 for wheat in accordance with [56]; pixels
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with lower values of the NDVI were identified as background. Each image included
10 rectangular regions of interest (ROIs) in accordance with [56] (Figure 9). The values of
narrow-band reflectance indices in “plant” pixels were averaged for each ROI.
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Figure 9. Examples of RGB images of pea (a) and wheat (b) plants before analysis. These images of
pea (c) and wheat (d) plants after excluding background pixels and including 10 rectangular regions
of interest (ROIs), which are shown by yellow frames. The white reflectance standard is shown in
upper right part of (a,b).

Special program tools were developed to provide the described analysis. Programming
language Python 3.8 with libraries spectral, numpy, scipy, and matplotlib was used.

4.4. Measurement of RGB Indices

Plants were photographed using the RGB camera Canon EOS 4000D (Canon Inc.,
Tokyo, Japan). The focus length was 35, ISO was 100, and mode of white balance was
“tungsten” (automatic white balance was turned off). The camera and halogen lamps were
fixed in the measuring stand, the distance between plants and camera was about 1 m.
The light intensity was about 200 µmol m−2s−1. The white reflectance standard supplied
with the camera Specim IQ was used for each measurement (Figure 9). R, G, and B were
normalized on corresponded values, which were measured on the white standard.

Equations (4)–(9) [13,73–75] were used to calculate series of RGB indices including the
normalized red coordinate (r), normalized green coordinate (g), normalized blue coordinate
(b), excess green index (ExG), vegetative index (VEG), and visible atmospherically resistance
index (VARI):

r =
R

R + G + B
(4)
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g =
G

R + G + B
(5)

b =
B

R + G + B
(6)

ExG = 2·g − r − b (7)

VEG =
G

RaB1−a a = 0.667 (8)

VARI =
G − R

G + R − B
(9)

where R, G, and B were intensities of reflected light in red, green, and blue channels of RGB
image, respectively. We used normalized R, G, and B in the current analysis to minimize
influence of light source.

Equations (10) and (11) were used to identify “plant” pixels in RGB images.

Maskpea = 5·255· 0.1G
0.1G + 0.1R + B

(10)

Maskwheat = 5·255· 0.1(G − R)
0.1G + 0.1R + B

(11)

MaskPea, which was more than 115.33 and less than 139.3, and MaskWheat, which
was more than 36.39 and less than 140, were used as criteria of “plant” pixels [49]. Other
values of MaskPea and MaskWheat indicated “background” pixels. Each image included
10 rectangular ROIs in accordance with [56] (Figure 9). The values of RGB indices in “plant”
pixels were averaged for each ROI.

Special program tools were developed to provide the described analysis. Programming
language Python with libraries pillow, numpy, and scipy was used.

4.5. Statistics

Data were analyzed using descriptive statistics. Averages, standard errors, scatter
plots, and quantities of repetitions are shown in figures. We used Student’s t-test for
estimation of significance of difference between control and experimental plants. The
relationships between parameters were analyzed using the Pearson correlation coefficients
(R), which were calculated on basis of averaged values; these values were calculated for each
experimental variant (control and drought or control and different NaCl treatments) and
for each day of measurement. Averaged values were also used to form linear regressions
for pea and wheat plants. Determination coefficients (R2) were used to estimate accuracy
of the regressions. The Microsoft Excel 2016 was used to calculate statistical parameters.

5. Conclusions
Soil drought and salinization are key stressors decreasing growth and productivity

of agricultural plants. As a result, the development of methods of low-cost remote and
proximal sensing, which can be used to early reveal action of these stressors and to estimate
plant characteristics, is an important applied task.

In the current work, we investigated the influence of soil drought and salinization
on series of RGB indices (r, g, b, ExG, VEG, and VARI) and analyzed relationships of
these indices to key narrow-band reflectance indices (NDVI and PRI) and to the potential
quantum yield of photosystem II (Fv/Fm). It was shown that the investigated RGB indices
(r, g, b, ExG, VEG, and VARI) were sensitive to the action of soil drought and salinization
on pea and wheat plants and that r, g, ExG, VEG, and VARI were strongly related to the
NDVI, PRI, and Fv/Fm.
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Our results show that RGB imaging, which is based on measurements by simple
color cameras, can be potentially used to quantitatively estimate important narrow-band
reflectance indices (NDVI and PRI) and photosynthetic parameters (Fv/Fm) in plants under
the action of stressors (at least, drought and salinization) without sophisticated measuring
systems (hyperspectral and multispectral cameras and PAM fluorometers).

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/plants14091284/s1. Figure S1: Relationships of r to Fv/Fm, NDVI,
and PRI; Figure S2: Relationships of g to Fv/Fm, NDVI, and PRI; Figure S3: Relationships of b to
Fv/Fm, NDVI, and PRI; Figure S4: Relationships of VEG to Fv/Fm, NDVI, and PRI; Figure S5: The
relative water content in shoots of wheat and pea plants after 12 days of soil drought and salinization.

Author Contributions: Conceptualization, E.S. and V.S.; methodology, E.S. and L.Y.; software,
E.S.; formal analysis, E.S. and Y.Z.; investigation, Y.Z., A.P., K.G. and K.A.; writing—original draft
preparation, E.S.; writing—review and editing, V.S.; supervision, E.S. and V.S.; project administration,
E.S. and L.Y.; funding acquisition, E.S. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the Russian Science Foundation, project number 23-76-10048.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article and Supplementary Materials.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References
1. Gornall, J.; Betts, R.; Burke, E.; Clark, R.; Camp, J.; Willett, K.; Wiltshire, A. Implications of climate change for agricultural

productivity in the early twenty-first century. Philos. Trans. R. Soc. B 2010, 365, 2973–2989. [CrossRef] [PubMed]
2. Atta, K.; Mondal, S.; Gorai, S.; Singh, A.P.; Kumari, A.; Ghosh, T.; Roy, A.; Hembram, S.; Gaikwad, D.J.; Mondal, S.; et al. Impacts

of salinity stress on crop plants: Improving salt tolerance through genetic and molecular dissection. Front. Plant Sci. 2023,
14, 1241736. [CrossRef] [PubMed]

3. Seleiman, M.F.; Al-Suhaibani, N.; Ali, N.; Akmal, M.; Alotaibi, M.; Refay, Y.; Dindaroglu, T.; Abdul-Wajid, H.H.; Battaglia,
M.L. Drought stress impacts on plants and different approaches to alleviate its adverse effects. Plants 2021, 10, 259. [CrossRef]
[PubMed]

4. Munns, R.; Passioura, J.B.; Colmer, T.D.; Byrt, C.S. Osmotic adjustment and energy limitations to plant growth in saline soil. New
Phytol. 2020, 225, 1091–1096. [CrossRef]

5. Hasanuzzaman, M.; Fujita, M. Plant responses and tolerance to salt stress: Physiological and molecular interventions. Int. J. Mol.
Sci. 2022, 23, 4810. [CrossRef]

6. Prabhakar, M.; Prasad, Y.G.; Rao, M.N. Remote sensing of biotic stress in crop plants and its applications for pest management.
In Crop Stress and Its Management: Perspectives and Strategies; Venkateswarlu, B., Shanker, A., Shanker, C., Maheswari, M., Eds.;
Springer: Dordrecht, The Netherlands, 2012; pp. 517–545.

7. Jang, G.; Kim, J.; Yu, J.-K.; Kim, H.-J.; Kim, Y.; Kim, D.-W.; Kim, K.-H.; Lee, C.W.; Chung, Y.S. Review: Cost-effective unmanned
aerial vehicle (UAV) platform for field plant breeding application. Remote Sens. 2020, 12, 998. [CrossRef]

8. Kume, A.; Akitsu, T.; Nasahara, K.N. Why is chlorophyll b only used in light-harvesting systems? J. Plant Res. 2018, 131, 961–972.
[CrossRef]

9. Franklin, K.A.; Quail, P.H. Phytochrome functions in Arabidopsis development. J. Exp. Bot. 2010, 61, 11–24. [CrossRef]
10. Grunwald, Y.; Yaaran, A.; Moshelion, M. Illuminating plant water dynamics: The role of light in leaf hydraulic regulation. New

Phytol. 2024, 241, 1404–1414. [CrossRef]
11. Ptushenko, O.S.; Ptushenko, V.V.; Solovchenko, A.E. Spectrum of light as a determinant of plant functioning: A historical

perspective. Life 2020, 10, 25. [CrossRef]
12. Kior, A.; Sukhov, V.; Sukhova, E. Application of reflectance indices for remote sensing of plants and revealing actions of stressors.

Photonics 2021, 8, 582. [CrossRef]

https://www.mdpi.com/article/10.3390/plants14091284/s1
https://www.mdpi.com/article/10.3390/plants14091284/s1
https://doi.org/10.1098/rstb.2010.0158
https://www.ncbi.nlm.nih.gov/pubmed/20713397
https://doi.org/10.3389/fpls.2023.1241736
https://www.ncbi.nlm.nih.gov/pubmed/37780527
https://doi.org/10.3390/plants10020259
https://www.ncbi.nlm.nih.gov/pubmed/33525688
https://doi.org/10.1111/nph.15862
https://doi.org/10.3390/ijms23094810
https://doi.org/10.3390/rs12060998
https://doi.org/10.1007/s10265-018-1052-7
https://doi.org/10.1093/jxb/erp304
https://doi.org/10.1111/nph.19497
https://doi.org/10.3390/life10030025
https://doi.org/10.3390/photonics8120582


Plants 2025, 14, 1284 20 of 22

13. Kior, A.; Yudina, L.; Zolin, Y.; Sukhov, V.; Sukhova, E. RGB imaging as a tool for remote sensing of characteristics of terrestrial
plants: A review. Plants 2024, 13, 1262. [CrossRef]

14. Merzlyak, M.N.; Gitelson, A.A.; Chivkunova, O.B.; Rakitin, V.Y. Non-destructive optical detection of pigment changes during leaf
senescence and fruit ripening. Physiol. Plant. 1999, 106, 135–141. [CrossRef]

15. Ollinger, S.V. Sources of variability in canopy reflectance and the convergent properties of plants. New Phytol. 2011, 189, 375–394.
[CrossRef]

16. Zhang, C.; Filella, I.; Garbulsky, M.F.; Peñuelas, J. Affecting factors and recent improvements of the photochemical reflectance
index (PRI) for remotely sensing foliar, canopy and ecosystemic radiation-use efficiencies. Remote Sens. 2016, 8, 677. [CrossRef]

17. Wang, N.; Fu, F.; Wang, H.; Wang, P.; He, S.; Shao, H.; Ni, Z.; Zhang, X. Effects of irrigation and nitrogen on chlorophyll content,
dry matter and nitrogen accumulation in sugar beet (Beta vulgaris L.). Sci. Rep. 2021, 11, 16651. [CrossRef]

18. Guan, S.; Fukami, K.; Matsunaka, H.; Okami, M.; Tanaka, R.; Nakano, H.; Sakai, T.; Nakano, K.; Ohdan, H.; Takahashi, K.
Assessing correlation of high-resolution NDVI with fertilizer application level and yield of rice and wheat crops using small
UAVs. Remote Sens. 2019, 11, 112. [CrossRef]

19. Liu, Y.; Chen, Y.; Wen, M.; Lu, Y.; Ma, F. Accuracy comparison of estimation on cotton leaf and plant nitrogen content based on
UAV digital image under different nutrition treatments. Agronomy 2023, 13, 1686. [CrossRef]

20. Xue, J.; Su, B. Significant remote sensing vegetation indices: A review of developments and applications. J. Sens. 2017, 2017, 2–17.
[CrossRef]

21. Peñuelas, J.; Filella, I. Visible and near-infrared reflectance techniques for diagnosing plant physiological status. Trends Plant Sci.
1998, 3, 151–156. [CrossRef]

22. Rouse, J.W.; Haas, R.; Schell, J.; Deering, D. Monitoring vegetation systems in the great plains with ERTS. NASA Spec. Public 1974,
351, 309–317.

23. Gamon, J.A.; Penuelas, J.; Field, C.B. A narrow-waveband spectral index that tracks diurnal changes in photosynthetic efficiency.
Remote Sens. Environ. 1992, 41, 35–44. [CrossRef]

24. Pastor-Guzman, J.; Atkinson, P.; Dash, J.; Rioja-Nieto, R. Spatiotemporal variation in mangrove chlorophyll concentration using
Landsat 8. Remote Sens. 2015, 7, 14530–14558. [CrossRef]

25. Chen, J.; Zhen, S.; Sun, Y. Estimating leaf chlorophyll content of buffaloberry using normalized difference vegetation index
sensors. HortTechnology 2021, 31, 297–303. [CrossRef]

26. Frank, A.B.; Karn, J.F. Vegetation indices, CO2 flux, and biomass for Northern Plains grasslands. J. Rang. Manag. 2002, 56, 382–387.
[CrossRef]

27. Xiao, X.; Zhang, Q.; Braswell, B.; Urbanski, S.; Boles, S.; Wofsy, S.; Moore III, B.; Ojima, D. Modeling gross primary production of
temperate deciduous broadleaf forest using satellite images and climate data. Remote Sens. Environ. 2004, 91, 256–270. [CrossRef]

28. Liu, Z.; He, D.; Shi, Q.; Cheng, X. NDVI time-series data reconstruction for spatial-temporal dynamic monitoring of Arctic
vegetation structure. Geo-Spat. Inf. Sci. 2024, 1–19. [CrossRef]

29. Garbulsky, M.F.; Peñuelas, J.; Gamon, J.; Inoue, Y.; Filella, I. The photochemical reflectance index (PRI) and the remote sensing
of leaf, canopy and ecosystem radiation use efficiencies. A review and meta-analysis. Remote Sens. Environ. 2011, 115, 281–297.
[CrossRef]

30. Evain, S.; Flexas, J.; Moya, I. A new instrument for passive remote sensing: 2. Measurement of leaf and canopy reflectance
changes at 531 nm and their relationship with photosynthesis and chlorophyll fluorescence. Remote Sens. Environ. 2004, 91,
175–185. [CrossRef]

31. Yengoh, G.T.; Dent, D.; Olsson, L.; Tengberg, A.E.; Tucker, C.J. Applications of NDVI for land degradation assessment. In Use of
the Normalized Difference Vegetation Index (NDVI) to Assess Land Degradation at Multiple Scales; SpringerBriefs in Environmental
Science; Springer: Cham, Switzerland, 2015; pp. 17–25.

32. Rigon, J.P.G.; Capuani, S.; Fernandes, D.M.; Guimarães, T.M. A novel method for the estimation of soybean chlorophyll content
using a smartphone and image analysis. Photosynthetica 2016, 54, 559–566. [CrossRef]

33. Widjaja Putra, T.B.; Soni, P. Enhanced broadband greenness in assessing chlorophyll a and b, carotenoid, and nitrogen in Robusta
coffee plantations using a digital camera. Precis. Agric. 2018, 19, 238–256. [CrossRef]

34. Maimaitijiang, M.; Sagan, V.; Sidike, P.; Maimaitiyiming, M.; Hartling, S.; Peterson, K.T.; Maw, M.J.W.; Shakoor, N.; Mockler, T.;
Fritschi, F.B. Vegetation Index Weighted Canopy Volume Model (CVMVI) for soybean biomass estimation from Unmanned Aerial
System-based RGB imagery. ISPRS J. Photogram. Remote Sens. 2019, 151, 27–41. [CrossRef]

35. Zhou, X.; Zheng, H.B.; Xu, X.Q.; He, J.Y.; Ge, X.K.; Yao, X.; Cheng, T.; Zhu, Y.; Cao, W.X.; Tian, Y.C. Predicting grain yield in rice
using multi-temporal vegetation indices from UAV-based multispectral and digital imagery. ISPRS J. Photogramm. Remote Sens.
2017, 130, 246–255. [CrossRef]

36. Li, S.; Yuan, F.; Ata-UI-Karim, S.T.; Zheng, H.; Cheng, T.; Liu, X.; Tian, Y.; Zhu, Y.; Cao, W.; Cao, Q. Combining color indices and
textures of UAV-based digital imagery for rice LAI estimation. Remote Sens. 2019, 11, 1763. [CrossRef]

https://doi.org/10.3390/plants13091262
https://doi.org/10.1034/j.1399-3054.1999.106119.x
https://doi.org/10.1111/j.1469-8137.2010.03536.x
https://doi.org/10.3390/rs8090677
https://doi.org/10.1038/s41598-021-95792-z
https://doi.org/10.3390/rs11020112
https://doi.org/10.3390/agronomy13071686
https://doi.org/10.1155/2017/1353691
https://doi.org/10.1016/S1360-1385(98)01213-8
https://doi.org/10.1016/0034-4257(92)90059-S
https://doi.org/10.3390/rs71114530
https://doi.org/10.21273/HORTTECH04808-21
https://doi.org/10.2307/4004043
https://doi.org/10.1016/j.rse.2004.03.010
https://doi.org/10.1080/10095020.2024.2336602
https://doi.org/10.1016/j.rse.2010.08.023
https://doi.org/10.1016/j.rse.2004.03.012
https://doi.org/10.1007/s11099-016-0214-x
https://doi.org/10.1007/s11119-017-9513-x
https://doi.org/10.1016/j.isprsjprs.2019.03.003
https://doi.org/10.1016/j.isprsjprs.2017.05.003
https://doi.org/10.3390/rs11151763


Plants 2025, 14, 1284 21 of 22

37. Ge, H.; Xiang, H.; Ma, F.; Li, Z.; Qiu, Z.; Tan, Z.; Du, C. Estimating plant nitrogen concentration of rice through fusing vegetation
indices and color moments derived from UAV-RGB images. Remote Sens. 2021, 13, 1620. [CrossRef]

38. Wang, Y.; Wang, D.; Shi, P.; Omasa, K. Estimating rice chlorophyll content and leaf nitrogen concentration with a digital still color
camera under natural light. Plant Methods 2014, 10, 36. [CrossRef]

39. Roth, L.; Streit, B. Predicting cover crop biomass by lightweight UAS-based RGB and NIR photography: An applied photogram-
metric approach. Precis. Agric. 2018, 19, 93–114. [CrossRef]

40. Wang, Y.; Wang, D.; Zhang, G.; Wang, J. Estimating nitrogen status of rice using the image segmentation of G-R thresholding
method. Field Crop. Res. 2013, 149, 33–39. [CrossRef]

41. Wan, L.; Li, Y.; Cen, H.; Zhu, J.; Yin, W.; Wu, W.; Zhu, H.; Sun, D.; Zhou, W.; He, Y. Combining UAV-based vegetation indices and
image classification to estimate flower number in oilseed rape. Remote Sens. 2018, 10, 1484. [CrossRef]

42. Gkillas, A.; Kosmopoulos, D.; Constantinopoulos, C.; Ampeliotis, D.; Berberidis, K. A method for recovering near infrared
information from RGB measurements with application in precision agriculture. In Proceedings of the 2021 29th European Signal
Processing Conference (EUSIPCO), Dublin, Ireland, 23–27 August 2021.

43. Cai, W.; Zhao, G.; Wang, Z.; Peng, Y.; Su, H.; Cheng, L. MHPCG:multi-modal hyperspectral point cloud generation based on
single RGB image. Optica Open 2023, in press.

44. Gong, L.; Zhu, C.; Luo, Y.; Fu, X. Spectral reflectance reconstruction from Red-Green-Blue (RGB) images for chlorophyll content
detection. Appl. Spectrosc. 2023, 77, 200–209. [CrossRef] [PubMed]

45. Maxwell, K.; Johnson, G.N. Chlorophyll fluorescence—A practical guide. J. Exp. Bot. 2000, 51, 659–668. [CrossRef]
46. Arief, M.A.A.; Kim, H.; Kurniawan, H.; Nugroho, A.P.; Kim, T.; Cho, B.-K. Chlorophyll fluorescence imaging for early detection

of drought and heat stress in strawberry plants. Plants 2023, 12, 1387. [CrossRef] [PubMed]
47. Sommer, S.G.; Han, E.; Li, X.; Rosenqvist, E.; Liu, F. The chlorophyll fluorescence parameter Fv/Fm correlates with loss of grain

yield after severe drought in three wheat genotypes grown at two CO2 concentrations. Plants 2023, 12, 436. [CrossRef] [PubMed]
48. Hnilickova, H.; Kraus, K.; Vachova, P.; Hnilicka, F. Salinity stress affects photosynthesis, malondialdehyde formation, and proline

content in Portulaca oleracea L. Plants 2021, 10, 845. [CrossRef]
49. Mohamed, E.; Tomimatsu, H.; Hikosaka, K. The relationships between photochemical reflectance index (PRI) and photosynthetic

status in radish species differing in salinity tolerance. J. Plant Res. 2025, 138, 231–241. [CrossRef]
50. Sukhova, E.; Yudina, L.; Kior, A.; Kior, D.; Popova, A.; Zolin, Y.; Gromova, E.; Sukhov, V. Modified photochemical reflectance

indices as new tool for revealing influence of drought and heat on pea and wheat plants. Plants 2022, 11, 1308. [CrossRef]
51. Sukhova, E.; Zolin, Y.; Popova, A.; Yudina, L.; Sukhov, V. The influence of soil salt stress on modified photochemical reflectance

indices in pea plants. Remote Sens. 2023, 15, 3772. [CrossRef]
52. Hasanuzzaman, M.; Raihan, M.R.H.; Masud, A.A.C.; Rahman, K.; Nowroz, F.; Rahman, M.; Nahar, K.; Fujita, M. Regulation of

reactive oxygen species and antioxidant defense in plants under salinity. Int. J. Mol. Sci. 2021, 22, 9326. [CrossRef]
53. Ruban, A.V. Nonphotochemical chlorophyll fluorescence quenching: Mechanism and effectiveness in protecting plants from

photodamage. Plant Physiol. 2016, 170, 1903–1916. [CrossRef]
54. Wong, C.Y.S.; Gamon, J.A. Three causes of variation in the photochemical reflectance index (PRI) in evergreen conifers. New

Phytol. 2015, 206, 187–195. [CrossRef]
55. Wang, T.; Liu, Y.; Wang, M.; Fan, Q.; Tian, H.; Qiao, X.; Li, Y. Applications of UAS in crop biomass monitoring: A review. Front.

Plant Sci. 2021, 12, 616689. [CrossRef] [PubMed]
56. Sukhova, E.; Zolin, Y.; Popova, A.; Grebneva, K.; Yudina, L.; Sukhov, V. Broadband normalized difference reflectance indices and

the normalized red–green index as a measure of drought in wheat and pea plants. Plants 2025, 14, 71. [CrossRef] [PubMed]
57. Schwieterman, E.W. Surface and temporal biosignatures. In Handbook of Exoplanets; Deeg, H., Belmonte, J., Eds.; Springer: Cham,

Switzerland, 2018; pp. 1–29.
58. Sims, D.A.; Gamon, J.A. Relationships between leaf pigment content and spectral reflectance across a wide range of species, leaf

structures and developmental stages. Remote Sens. Environ. 2002, 81, 337–354. [CrossRef]
59. Macar, T.K.; Ekmekçi, Y. PSII photochemistry and antioxidant responses of a chickpea variety exposed to drought. Z. Natur-

forschung C 2008, 63, 583–594. [CrossRef]
60. Taïbi, K.; Taïbi, F.; Abderrahim, L.A.; Ennajah, A.; Belkhodja, M.; Mulet, J.M. Effect of salt stress on growth, chlorophyll content,

lipid peroxidation and antioxidant defence systems in Phaseolus vulgaris L. S. Afr. J. Bot. 2016, 105, 306–312. [CrossRef]
61. Uhr, Z.; Dobrikova, A.; Borisova, P.; Yotsova, E.; Dimitrov, E.; Chipilsky, R.; Popova, A.V. Assessment of drought tolerance of

eight varieties of common winter wheat—A comparative study. Bulg. J. Agric. Sci. 2022, 28, 668–676.
62. Wu, M.; Zhang, W.H.; Ma, C.; Zhou, J.Y. Changes in morphological, physiological, and biochemical responses to different levels

of drought stress in Chinese cork oak (Quercus variabilis Bl.) seedlings. Russ. J. Plant Physiol. 2013, 60, 681–692. [CrossRef]
63. Javed, M.; Ashraf, M.; Iqbal, M.; Farooq, M.A.; Zafar, Z.U.; Athar, H. Chlorophyll fluorescence, ion uptake, and osmoregulation

are potential indicators for detecting ecotypic variation in salt tolerance of Panicum antidotale Retz*. Arid. Land. Res. Manag. 2021,
36, 84–108. [CrossRef]

https://doi.org/10.3390/rs13091620
https://doi.org/10.1186/1746-4811-10-36
https://doi.org/10.1007/s11119-017-9501-1
https://doi.org/10.1016/j.fcr.2013.04.007
https://doi.org/10.3390/rs10091484
https://doi.org/10.1177/00037028221139871
https://www.ncbi.nlm.nih.gov/pubmed/36323648
https://doi.org/10.1093/jexbot/51.345.659
https://doi.org/10.3390/plants12061387
https://www.ncbi.nlm.nih.gov/pubmed/36987075
https://doi.org/10.3390/plants12030436
https://www.ncbi.nlm.nih.gov/pubmed/36771521
https://doi.org/10.3390/plants10050845
https://doi.org/10.1007/s10265-025-01615-x
https://doi.org/10.3390/plants11101308
https://doi.org/10.3390/rs15153772
https://doi.org/10.3390/ijms22179326
https://doi.org/10.1104/pp.15.01935
https://doi.org/10.1111/nph.13159
https://doi.org/10.3389/fpls.2021.616689
https://www.ncbi.nlm.nih.gov/pubmed/33897719
https://doi.org/10.3390/plants14010071
https://www.ncbi.nlm.nih.gov/pubmed/39795331
https://doi.org/10.1016/S0034-4257(02)00010-X
https://doi.org/10.1515/znc-2008-7-820
https://doi.org/10.1016/j.sajb.2016.03.011
https://doi.org/10.1134/S1021443713030151
https://doi.org/10.1080/15324982.2021.1957038


Plants 2025, 14, 1284 22 of 22

64. Ahmad, I.S.; Reid, J.F. Evaluation of colour representations for maize images. J. Agric. Eng. Res. 1996, 63, 185–196. [CrossRef]
65. Awlia, M.; Nigro, A.; Fajkus, J.; Schmoeckel, S.M.; Negrão, S.; Santelia, D.; Trtílek, M.; Tester, M.; Julkowska, M.M.; Panzarová, K.

High-throughput non-destructive phenotyping of traits that contribute to salinity tolerance in Arabidopsis thaliana. Front. Plant Sci.
2016, 7, 1414. [CrossRef]

66. Feng, H.; Tao, H.; Li, Z.; Yang, G.; Zhao, C. Comparison of UAV RGB imagery and hyperspectral remote-sensing data for
monitoring winter wheat growth. Remote Sens. 2022, 14, 3811. [CrossRef]

67. El-Hendawy, S.; Tahir, M.U.; Al-Suhaibani, N.; Elsayed, S.; Elsherbiny, O.; Elsharawy, H. Potential of thermal and RGB imaging
combined with artificial neural networks for assessing salt tolerance of wheat genotypes grown in real-field conditions. Agronomy
2024, 14, 1390. [CrossRef]

68. Kior, A.; Yudina, L.; Zolin, Y.; Popova, A.; Sukhova, E.; Sukhov, V. A small-scale spatial heterogeneity in photochemical reflectance
index and intensity of reflected light at 530 nm in pea (Pisum sativum) leaves is sensitive to action of salinization. Funct. Plant Biol.
2024, 51, FP24254. [CrossRef] [PubMed]

69. Chen, Z.; Wang, F.; Zhang, P.; Ke, C.; Zhu, Y.; Cao, W.; Jiang, H. Skewed distribution of leaf color RGB model and application of
skewed parameters in leaf color description model. Plant Methods 2020, 16, 23. [CrossRef]

70. Fu, Y.; Yang, G.; Li, Z.; Song, X.; Li, Z.; Xu, X.; Wang, P.; Zhao, C. Winter wheat nitrogen status estimation using UAV-based RGB
imagery and gaussian processes regression. Remote Sens. 2020, 12, 3778. [CrossRef]

71. Cho, S.B.; Soleh, H.M.; Choi, J.W.; Hwang, W.-H.; Lee, H.; Cho, Y.-S.; Cho, B.-K.; Kim, M.S.; Baek, I.; Kim, G. Recent methods for
evaluating crop water stress using ai techniques: A review. Sensors 2024, 24, 6313. [CrossRef]

72. Kalaji, H.M.; Schansker, G.; Ladle, R.J.; Goltsev, V.; Bosa, K.; Allakhverdiev, S.I.; Brestic, M.; Bussotti, F.; Calatayud, A.; Dąbrowski,
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