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ABSTRACT

Timely and precise crop monitoring is essential for precision agriculture, yet spaceborne remote sensing frequently
suffers from temporal gaps, cloud cover, and high subscription costs. Consumer-grade smartphone photography
offers a low-cost alternative for localized monitoring, though its implementation remains doubtful due to a lack
of standardization and calibration. This study evaluated the cross-platform consistency of visible spectrum (RGB)
vegetation indices between Sentinel-2A satellite imagery and ground-truth smartphone photography. Field trials
were conducted across four winter wheat (7riticum aestivum L.) fields, located in the semi-arid zone of Ukraine,
systematically capturing crop canopy development across three major phenological stages: tillering, stem elonga-
tion, and earing. Six visible-spectrum vegetation indices (ExG, ExGR, GLI, VARI, MGRVI, and CIVE) were eval-
uated. A comparison of static absolute index values revealed strong cross-platform correlation for ExGR, VARI,
MGRVI, and CIVE (R = 0.74-0.77). Switching to the daily index change rates analysis dramatically changed
cross-platform interoperability. The MGRVI emerged as the only robust metric, achieving a superior dynamic
linear correlation (R = 0.89) and accounting for 78% of spaceborne variance with an RMSE of 0.014. Other smart-
phone-derived vegetation indices provided moderate to weak (R = 0.26-0.66) correlation with satellite-borne indi-
ces, which makes them less suitable for implementation in cross-platform crop monitoring systems. The regression
model for smartphone to satellite calibration of MGRVI serves as a precondition of cross-platform interoperability
in digital systems of precise crop monitoring.

Keywords: crop monitoring system, environmental monitoring, modified green-red vegetation index, regression
modeling, visible spectrum indices.

INTRODUCTION simplified and improved for scalable, spatiotem-
poral agricultural monitoring solutions. Satellite

Precision and timely crop health evaluation  imagery is a source of valuable information about
through clear, objective indicators remains anim-  agricultural crops. This information is derived
portant and challenging task in modern agricul- from images captured across different spectral
ture. Recent advancements in remote sensing have  bands using specific mathematical computations,
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which result in various vegetation indices. Each
vegetation index provides unique information
about vegetation cover, e.g., water stress, green
biomass accumulation, pest outbreaks, etc. There
are more than one hundred various vegetation in-
dices developed for different purposes and requir-
ing different spectral bands for calculations, but
in general, they can be divided into three major
groups, namely: multispectral, hyperspectral, and
red-green-blue (RGB or visible spectrum) indices
(Xue and Su, 2017).

Multispectral indices require specialized
sensors to capture canopy reflectance in bands
such as near-infrared (NIR), short-wave infrared
(SWIR), and other specific reflectance spectra
(Haque et al., 2024). Hyperspectral indices (also
called narrow-band indices) use reflectance in red
(R) and infrared (IR) spectral bands to detect and
characterize the red-edge share of the reflectance
spectrum (Colovic et al., 2022). Visible spectrum
indices usually operate on raw satellite imagery
captured in four channels: red (R), green (G), blue
(B), and alpha (A). While the RGB channels are
the core of vegetation index evaluation, the alpha
channel is responsible for pixel transparency (or
cloudiness), and is usually removed in the process
of index calculation. Although multispectral and
hyperspectral vegetation indices are more specific
and usually more accurate in the evaluation of
vegetation cover conditions, RGB-based indices
are more accessible (as they require fewer sensors)
and affordable for most agricultural scientists and
practitioners (Fuentes-Pefialillo et al., 2018; Lu et
al., 2019). While there are platforms that provide
raw and even pre-processed multispectral imagery
from different satellites, such as Sentinel-2, Land-
sat-8, or MODIS, free of charge, they often have
limitations in scope, temporal availability, and
coverage. High-quality archives of multispectral
imagery are usually not free of charge; therefore,
they are limited in availability and practical value.
In addition, raw multispectral images tell a farmer
nothing, while pre-processed imagery with corre-
sponding indices requires a subscription.

Furthermore, RGB-based indices are sim-
pler to retrieve from non-satellite platforms, e.g.,
UAVs or ground-based camera photography.
Even a smartphone camera can capture an image
in the visible light spectrum, appropriate for pro-
cessing and the derivation of RGB-based vegeta-
tion indices (Iseri, 2025). Therefore, the cost of
crop monitoring using visible spectrum imagery
is significantly lower.

However, the problem with RGB-based
ground-truth imagery lies in its scalability and
calibration with spatial, satellite-retrieved imagery.
There is a lack of scientific evidence on the corre-
spondence between smartphone-captured RGB im-
ages of crops and satellite-retrieved aerospace pho-
tography, which is always subjected to atmospheric
corrections and is usually better standardized. In
the case of smartphone imagery, its quality can
vary significantly depending on the camera mod-
ule, as well as the environmental conditions when
taking the photo (excess or low light, shadows, etc.)
(Heinonen and Mattila, 2021). Therefore, the main
goal of this study was to establish the relationship
between satellite-borne and ground-truth RGB im-
ages of winter wheat crops and to find out whether
smartphone-based images have any prospects to
be used as a replacement for satellite images in the
case of having no access to the latter.

MATERIALS AND METHODS

Study area and experimental design

The study was conducted from January to
June 2021 and from November 2025 to June 2026
across four agricultural fields cropped with win-
ter wheat (Triticum aestivum L.). The fields were
located in the Kherson Oblast, Ukraine, within
the geographic coordinates of 46.63° N — 46.64°
N and 32.53° E — 32.54° E in 2021; 46.72° N —
46.73° N and 32.32° E — 32.34° E in 2025-2026.
The region is characterized by a cold steppe semi-
arid climate (BSk) with dark-chestnut soils, which
are typical for intensive winter wheat cultivation
(Peel et al., 2007). All fields followed standard
regional agrotechnical practices for winter wheat
management, including uniform tillage, fertiliza-
tion, pest control, and plant care.

Data acquisition

Time-series satellite data were acquired from
the European Space Agency’s (ESA) Sentinel-2
mission via the OneSoil cloud monitoring plat-
form. Sentinel-2A images were used, which in-
herently include atmospheric, terrain, and cloud
correction. For each field, cloud-free or low-cloud
(<10%) scenes matching the ground-truth obser-
vation dates and spatial distribution were selected.
The digital numbers of the Red (Band 4), Green
(Band 3), and Blue (Band 2) channels, possessing

105



Ecological Engineering & Environmental Technology 2026, 27(8), 104-112

a spatial resolution of 10 m, were extracted using
a custom script in Wolfram language. Mean pixel
values were calculated for each of the 10 fields
to represent the overall spaceborne crop canopy
state on each target date.

Ground-truth canopy photography was ex-
ecuted systematically alongside satellite imagery
collection. Images were captured using a com-
mercial smartphone camera of Sony Xperia XZ2
Premium and iPhone XS Max. To match the nadir
viewpoint of the satellite sensor, photos were tak-
en vertically downwards (parallel to the ground
surface) at a fixed height of approximately 1.5—
1.7 meters above the soil surface level.

To ensure statistical representativeness, 5 to
10 random sub-plots were photographed across
a predefined diagonal transit track within each
field on every sampling date, and the index val-
ues were subsequently averaged per field. Images
were saved in uncompressed JPEG format with
automatic white balance disabled to minimize in-
ternal camera calibration noise.

Temporal synchronization and crop
phenology

The monitoring framework was aimed at
capturing the critical developmental trajectory
of winter wheat. To account for slight discrepan-
cies between precise satellite overpass times and
ground-truth field visits, as well as multi-day field
sampling campaigns, data collection dates were
standardized by converting temporal intervals
into their respective midpoints.

The observations were strictly synchronized
with three key phenological stages of the crop
growth and development, namely:

1. Tillering stage (both during initial growth after
sowing, winter dormancy, and spring vegeta-
tion renewal): characterized by initial canopy
development and low fractional vegetation

cover, exposing significant background soil.

2. Stem elongation stage: noted for rapid vertical
growth and accelerated biomass accumulation.

3. Earing/Heading stage: distinguished by maxi-
mum canopy closure, flag leaf development,
and the emergence of spikes. The end of the
stage is characterized by vegetative growth
cessation and yellowing of leaves and ears.

Visible spectrum vegetation indices
calculation

To evaluate the cross-platform consistency of
the visible spectrum, six distinct RGB-based veg-
etation indices were calculated for both the sat-
ellite and the averaged smartphone images. Prior
to index computation, raw digital numbers (DN)
or reflectance values were normalized to relative
chromatic coordinates (r, g, b) to reduce illumina-
tion intensity fluctuations using Equation 1:

R _ G _ B 1
r R+G+B’ g R+G+B’ R+G+B ( )

The mathematical equations of the evaluated
RGB-indices are structured in Table 1.

An example of the general workflow of the
RGB-indices evaluation is presented in Figure 1.

Calculation of daily index dynamics (growth
rates)

In addition to comparing the indices from dif-
ferent platforms, growth rates for each index were
calculated and compared. To calculate the growth
rates, the calculated values of each vegetation
index were associated with the temporal scale.
The daily rate of index change (A) represents the
velocity of vegetation canopy development, cap-
tured by a certain index, between two consecutive
observation dates. It was calculated for each field
using Equation 2:

Table 1. Mathematical formulas of the evaluated visible spectrum (RGB) vegetation indices

Index Full name Equation Reference
ExG Excess green index 2g-r-b Lucena et al. (2024)
ExGR Excess green minus excess red index 39-2.4r-b
2g-r-b Dai et al. (2024)
GLI Green leaf index
2g+r+b
T
VARI Visible atmospherically resistant index g?-r-b Solymosi et al. (2019)
2_2
MGRVI Modified green red vegetation index % Song et al. (2023)
CIVE Color index of vegetation extraction 0.441r-0.811g+0.385b+18.7874 Zhang et al. (2018)
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b)

d)

Figure 1. Calculation of visible spectrum (RGB) vegetation indices for winter wheat: (a) satellite image,
(b) ExG index map (satellite), (c) smartphone image, (d) ExG index map (smartphone)

_ 1 -y
o )
where: I and [, are the vegetation index values
calculated at the corresponding time ¢,

and 7, respectively.

The resulting metric of growth rate was used
as an additional metric to establish the interop-
erability between the satellite and ground-truth
smartphone imagery.

Statistical analysis and results evaluation

The strength, direction, and reliability of the
cross-platform relationship between smartphone-
and satellite-derived indices were quantified us-
ing two core statistical parameters. First, Pear-
son’s correlation coefficient (R) was calculated to
measure the linear consistency between platforms
(Sedgwick, 2012). Second, the coefficient of de-
termination (RSQ) was derived via ordinary least
squares (OLS) linear regression analysis to esti-
mate the proportion of variance in the satellite-
borne data that can be predictably modeled using
ground-based smartphone metrics. In addition,
general discrepancy between the smartphone- and
satellite-derived indices was estimated by root

mean square error (RMSE) and mean absolute
percentage error calculation (Chicco et al., 2021).
Statistical testing was performed at a significance
level of & = 0.05. All data processing, image ma-
nipulation, statistical modeling, and plot con-
struction were executed using custom Wolfram
and Python 3.10 scripts.

RESULTS

Cross-platform comparison of static absolute
values of vegetation indices

The average seasonal values of each index,
as well as corresponding coefficients of variation
(CV), are presented in Table 2. It was established
that all the vegetation indices demonstrated higher
consistency when derived from satellite imagery,
except for GLI. The greatest general inconsistency
was recorded for the smartphone-derived ExGR
index, while the most stable values were recorded
for satellite-derived CIVE. To sum up, the studied
indices could be grouped as the extremely incon-
sistent (VARI, MGRVI, ExGR), somewhat incon-
sistent (ExG, GLI), and consistent (CIVE) with
CV values of higher than 100%, 50—70%, and less
than 1%, respectively (Stepniak, 2025).

Table 2. Average seasonal values of visible spectrum (RGB) vegetation indices retrieved from satellite- and

smartphone-derived imagery

Metrics ExG EXGR | | VARI MGRVI CIVE
Satellite-derived
Average 0.20 0.13 0.14 0.14 0.17 18.75
cv 66.82% 163.00% 65.14% 106.65% 111.25% 0.13%
Smartphone-derived
Average 0.16 0.04 0.11 0.06 0.08 18.73
cv 62.92% 467.47% 59.81% 189.48% 198.29% 0.24%
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Table 3. Pairwise linear correlation-regression analysis of visible spectrum (RGB) vegetation indices retrieved

from satellite- and smartphone-derived imagery

Metrics ExG ExGR GLI VARI MGRVI CIVE
R 0.69 0.74 0.68 0.76 0.77 0.74
RSQ 0.48 0.54 0.46 0.58 0.59 0.55
RMSE 0.10 0.16 0.07 0.13 0.15 0.04

Direct comparison of static absolute values
of the calculated RGB-indices is required for a
general understanding of their mutual correlation
and discrepancies. Pairwise Pearson’s correlation
analysis revealed that four out of six visible spec-
trum vegetation indices (ExGR, VARI, MGRVI,
and CIVE) are strongly related, and the other two
(ExG and GLI) are moderately related, respec-
tively (Schober et al., 2018). The strongest corre-
lation was found for MGRVI and VARI (Table 3).

As for the error, the highest was recorded for
ExGR values, which was expected, as this index
has the intrinsic highest inconsistency. The low-
est RMSE was recorded for CIVE, additionally
pointing out the stability of this index regardless
of the platform. Notably low RMSE was also ob-
served for GLI, which is connected with a mod-
erately strong correlation, testifies to the prospec-
tive cross-platform interoperability of this index.

Evaluation of daily change dynamics (growth
rates) of vegetation indices

To bypass the absolute baseline differences
between spaceborne and smartphone-derived
vegetation indices, the analysis was shifted to-
ward the daily growth rate. This approach evalu-
ated how closely both platforms mirror the actual
biological acceleration or deceleration of winter
wheat development across the stages of tiller-
ing, stem elongation, and earing. The statistical
evaluation of the daily growth rates revealed a
dramatic increase in cross-platform consistency
for MGRVI, while other RGB indices demon-
strated a reduction in cross-platform interoper-
ability (Table 4).

When tracking daily growth rates rather than
static values, MGRVI remained the most robust
and superior metric, achieving a strong linear
correlation (R = 0.89). The coefficient of deter-
mination (R? = 0.78) indicates that 78% of the
daily growth variance captured by the Sentinel-
2 A satellite sensor can be precisely explained and
modeled by a simple ground-based smartphone
photograph. Surprisingly, other indices showed
a contrary result — their growth rates correlation
decreased dramatically, shifting from strong to
moderate or even weak (for GLI) correlation. As
for the errors, the smallest RMSE is attributed to
CIVE, followed by GLI. The highest RMSE val-
ues were established for VARI and MGRVI.

The phenomenal improvement in the statisti-
cal metrics of MGRVI when switching to daily
growth rates yields a critical scientific insight.
This fact confirms a strong coherence between
satellite and smartphone imagery, but not for ev-
ery RGB indicator. Consistent changes in MGRVI
values provide a highly synchronized trend direc-
tion, serving as an additional marker of strong
interoperability between satellite and on-ground
crop monitoring platforms. However, other indi-
ces should be used cautiously in cross-platform
crop monitoring systems.

Regression models for MGRVI within cross-
platform crop monitoring systems

Considering the best interoperability perfor-
mance of MGRV]I, linear and quadratic regression
models were developed for the prediction of the
satellite-borne index values from smartphone im-
agery (Figure 2).

Table 4. Pairwise linear correlation-regression analysis of visible spectrum (RGB) vegetation indices growth rates

based on satellite and smartphone imagery

Metrics ExG ExGR GLI VARI MGRVI CIVE
R 0.32 0.55 0.26 0.66 0.89 0.58
RSQ 0.10 0.30 0.07 0.44 0.78 0.34
RMSE 0.005 0.012 0.003 0.012 0.014 0.002
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Figure 2. Linear and quadratic models for satellite MGRVI values prediction based on smartphone-derived index
values

Table 5. Regression modeling of satellite-borne MGRVI prediction from smartphone-derived index values

Model type R RSQ RMSE MAPE Equation
Linear model 0.7667 0.5878 0.1241 1.78% y = 1.0374x + 0.0884
Quadratic model 0.7679 0.5896 0.1244 1.86% y =-0.3010x2 + 1.0522x + 0.0952

Note: y — satellite MGRVI (dependent value); x — smartphone MGRVI (independent variable used for prediction).

Statistical metrics for both models are pre-
sented in Table 5. It is obvious that both models
provided comparable results, with the linear mod-
el showing a slightly better prediction accuracy,
as indicated by the value of the mean average
percentage error (MAPE).

Considering no significant difference was
established for the developed models, the linear
model shall be preferred because of its generally
higher simplicity and lower prediction errors .

DISCUSSION

Timely and precise crop monitoring is essen-
tial for precision agriculture. It is also important
that crop monitoring is based on a reliable unbi-
ased, and objective source of information, stan-
dardized and unified in accordance with certain
scientific methodologies. While satellite-based
remote sensing data are a cornerstone of mod-
ern digital crop monitoring systems, providing
objective data on canopy reflectance features,
there are numerous limitations to their adoption
related to cost, spatial resolution, temporal gaps,
and weather-related distortions. Recent advances

in portable electronics have enabled the use of
consumer-grade smartphone cameras to capture
images in the visible light spectrum for calculat-
ing various RGB vegetation indices. Using smart-
phone cameras substantially lowers the price of
crop monitoring and also helps to bridge the gaps
in remote sensing data when satellite images are
not available because of cloud cover or the tem-
poral resolution of the platform. However, the ac-
curacy of smartphone-based assessment of RGB
vegetation indices remains questionable. Previ-
ous research suggests that it may vary dramati-
cally depending on device camera specifications,
internal image-processing algorithms, lighting
conditions, and image-capturing geometry (an-
gles and height). Therefore, current research in
this field is directed mainly toward determining
the reliability and suitability of smartphone-based
RGB imagery to supplement or substitute for sat-
ellite-based imagery, which is undeniably better
standardized and subjected to rigorous initial pre-
processing and atmospheric corrections.

Recent studies have revealed that smartphone-
captured RGB images show a strong capacity to
predict key agronomic parameters of crops, such
as above-ground biomass accumulation, dry
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matter yield, nitrogen content in plant tissues,
chlorophyll concentration in leaves, and the frac-
tion of green canopy cover. For example, it was
established that visible-spectrum images of red
clover crops, captured by a Canon PowerShot
ELPH 190 IS from a height of 2.5 m, are suitable
for low-cost ExGR index estimation to extract
soil background and evaluate canopy develop-
ment (Rosen et al., 2024). Zolin et al. (2025) stud-
ied the relationship between major RGB indices
and satellite hyperspectral reflectance indices in
wheat and pea crops. Their findings demonstrated
that camera-captured RGB indices (especially
ExG and VARI) strongly correlate with the nor-
malized difference vegetation index (NDVI) and
the photochemical reflectance index (PRI), mean-
ing that visible-spectrum vegetation indices de-
rived from camera-captured images are suitable
for assessing pea and wheat growth. Similarly,
Nitu et al. (2025) compared smartphone- and
UAV-captured RGB indices to satellite-derived
NDVI, establishing a strong correlation between
green reflectance indices calculated from smart-
phone images and NDVI values measured by sat-
ellite-borne sensors. However, they emphasized
that the differences in smartphone cameras intro-
duce systematic discrepancies in imagery qual-
ity; therefore, RGB index values from different
smartphones cannot be directly compared with-
out previous calibration. Lighting conditions pose
an additional threat to smartphone camera perfor-
mance, with several studies suggesting that con-
trolled acquisition protocols or post-processing
corrections are highly recommended (Heinonen
and Mattila, 2021). Also, RGB-based indices, es-
pecially when derived from regular smartphone
cameras, are generally less sensitive than satellite
sensors to certain physiological traits of the stud-
ied crops, or may underperform in edge cases,
e.g., sparse or dense vegetation cover and specific
crop architectonics (Ruwanpathirana et al., 2024;
Macedo et al., 2025).

As far as the capacities of smartphone camer-
as differ dramatically across various devices, and
it is difficult to systematically adhere to recom-
mended image-capturing techniques in the field
conditions, it is hardly arguable that smartphone-
derived imagery is rather a supplement than a
complete replacement of satellite-borne data.
However, our results demonstrated a strong cor-
relation between the smartphone- and satellite-
derived MGRVI in winter wheat. Regression
modeling additionally confirmed the fact of the
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interoperability between satellite and smartphone
platforms for crop monitoring. Furthermore, the
conducted study directly addressed the mentioned
above challenges of discrepancies by shifting the
analytical focus from static absolute index values
to high-frequency temporal dynamics. While re-
cent literature highlights that hardware variances
and shifting lighting conditions introduce critical
systematic inequalities in absolute RGB metrics,
the obtained findings demonstrate that these inter-
ferences can be effectively bypassed or at least di-
minished by calculating daily index change rates.
By tracking the actual velocity of winter wheat
development across key phenological stages (til-
lering, stem elongation, and earing), a profound
correction in cross-platform interoperability.
Most visible spectrum indices fail to deliver an
acceptable level of accuracy in cross-platform
evaluation, while MGRVI showed even better
performance. The developed regression models
for MGRVI calibration are easy to understand and
simple to implement and integrate into any ag-
ronomic decision support system, providing even
more room for objective smartphone-based crop
monitoring.

CONCLUSIONS

Satellite-derived visible spectrum (RGB)
vegetation indices are the cornerstone of modern
crop monitoring. Satellite imagery of Sentinel-
2A passes through robust atmospheric correc-
tion, provides stable capturing parameters, and
remains standard in modern remote sensing.
Spaceborne RGB indices generally display sig-
nificantly lower seasonal variation and higher
consistency than their smartphone-derived
counterparts. Among the evaluated metrics,
CIVE proved exceptionally stable across both
platforms, maintaining a coefficient of variation
below 1.0%. Conversely, ExGR exhibited ex-
treme baseline inconsistency, particularly when
captured via near-surface smartphone photogra-
phy (variation up to 467.47%). While static ab-
solute values of most RGB indices show mod-
erate-to-strong cross-platform correlations (R =
0.68-0.77), shifting the analysis to daily growth
rates exposes major functional differences. Most
indices undergo severe degradation in cross-
platform synchronization when tracking daily
dynamics. However, MGRVI stands as a notable
exception, with its cross-platform correlation
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ascending sharply to R = 0.89 in daily change
dynamics. This demonstrates that ground-based
MGRVI can accurately explain 78% of the daily
developmental variance captured from stan-
dardized and atmospherically corrected satellite
imagery. Satellite-borne MGRVI values can be
reliably predicted from low-cost, ground-level
smartphone imagery using both linear and qua-
dratic frameworks. Because both models yield
highly comparable explanatory power, the lin-
ear regression model shall be preferred for in-
tegration into digital crop monitoring systems
due to its mathematical simplicity and superior
predictive precision, evidenced by lower errors.
Therefore, MGRVI is the most robust and reli-
able RGB index for bridging near-surface smart-
phone photography and satellite telemetry in
winter wheat monitoring.
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