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Abstract: Vegetation health assessment is a fundamental task in precision
agriculture, ecological monitoring, and environmental risk management.
The Normalized Difference Vegetation Index (NDVI) uses red and near-
infrared (NIR) reflectance data to function as the primary index which
enables vegetation health assessment and stress detection. However, the
practical deployment of such systems can be limited by the requirement
for multispectral sensors that include a near-infrared (NIR) channel. This
study evaluates three algorithmic approaches: (i) the traditional NDVI
method, (ii) an RGB-based channel transformation approach, and (iii) a
synthesized hybrid algorithm that applies NDVI-like normalization to
green-dominance patterns in standard RGB imagery. The analysis
includes mathematical formulations, radiometric interpretation,
calibration requirements, and error-propagation analysis for all
investigated approaches. A complete UAV processing workflow is
presented, including geometric correction, radiometric normalization,
noise filtering, and illumination compensation. The system becomes more
useful through discussions about UAV implementation scenarios and
flight planning constraints and geospatial post-processing workflows.
The text includes forest-fire-related use-cases as examples of fast
assessment situations which vegetation stress maps help with post-event
choices yet these examples do not represent the main focus. The results
indicate that traditional NDV1 provides higher reliability for quantitative
biophysical analysis, whereas RGB-based methods remain effective for
qualitative vegetation segmentation when hardware resources are limited.
The developed algorithm delivers superior vegetation identification
results than RGB transformation methods and functions as a useful
solution for organizations which lack NIR-equipped systems. The
document presents recommendations which help users choose methods
based on their specific requirements regarding accuracy levels and budget
constraints and time needs for deployment and system operational
difficulties.

Keywords: NDVI, UAV, RGB image processing, vegetation monitoring,
multispectral  imaging, radiometric  calibration, environmental
monitoring.
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1. Introduction

UAV-based remote sensing bridges the gap between satellite observations and ground
measurements by providing centimeter-level spatial resolution and flexible revisit times. In practice,
this enables within-season monitoring of crop development, early detection of stress patterns, and
rapid mapping of heterogeneous vegetation within small administrative areas (Rouse et al., 1974;
Tucker, 1979; Zhang & Kovacs, 2012). Compared with satellite observations, UAV surveys reduce
mixed-pixel effects, allow flexible acquisition geometry, and enable rapid deployment after weather
events or agricultural interventions (Yang et al., 2020; Ripullone et al., 2020).

From an information-processing standpoint, the key challenge is transforming raw digital
numbers into stable, comparable indices. lllumination variability, auto-exposure, sensor vignetting,
and atmospheric conditions can introduce systematic bias that may be misinterpreted as vegetation
change. Therefore, a complete workflow must include both geometric alignment (to ensure correct
spatial correspondence) and radiometric normalization (to ensure temporal and cross-flight
comparability) (Lu et al., 2021). These requirements are particularly important for RGB-only
methods, which are more sensitive to color balance drift (Zhou et al., 2021).

The contribution of this work is to present a structured comparison of NDVI and RGB-based
alternatives with explicit mathematical formulation and practical UAV deployment guidance. In
addition to qualitative visualization, we outline calibration and parameter-selection strategies, and
discuss typical failure modes such as shadows, wet surfaces, and artificial green materials (Zhang et
al., 2017; Li et al., 2019). The proposed hybrid GRNDI and synthesized Gl approaches provide a
practical pathway for teams that start with standard RGB cameras and progressively move toward
multispectral sensing.

Remote sensing provides a fundamental information layer for modern agriculture, land
management, and ecological monitoring (Verrelst et al., 2015; Salami et al., 2014). Over the past
decade, the increasing availability of UAV platforms has significantly reduced the cost of high-
resolution local sensing. UAV systems combine operational flexibility with near-real-time data
acquisition and are especially effective when satellite revisit cycles or cloud contamination limit
temporal response (Hunt et al., 2013; Diaz-Varela et al., 2014).

The Normalized Difference Vegetation Index (NDVI) stands as the primary vegetation index,
which uses spectral differences between red and NIR reflectance to measure plant activity (Huete &
Jackson, 1987). The index remains widely used due to its conceptual simplicity and clear physical
interpretation. Healthy vegetation absorbs visible red radiation due to chlorophyll activity while
reflecting strongly in the near-infrared range because of leaf internal structure, resulting in high NDVI
values. The NDVI values from stressed vegetation and bare soil and non-vegetated surfaces remain
at lower levels (Pettorelli et al., 2005; Gamon et al., 2019).

The system maintains its advantages, but it requires sensors that can detect Near-Infrared (NIR)
light. In many educational, municipal, and low-budget monitoring scenarios, only standard RGB
cameras are available (Li et al., 2020). The research requires a solution to analyze vegetation through
RGB data while maintaining its ability to distinguish between different types of vegetation (Su et al.,
2018).

This manuscript addresses that gap by:

e systematizing the traditional NDVI pipeline and its radiometric foundations;

e formalizing an RGB-only vegetation enhancement algorithm;

e proposing and analyzing a synthesized green-index approach inspired by NDVI normalization
logic;

e comparing all methods by theory, implementation requirements, and practical utility for UAV
mapping workflows (Kawamura et al., 2019; Mehdizadeh et al., 2021).

The conceptual basis and core algorithmic motivation are aligned with the source draft,
including traditional NDVI and RGB synthesis directions. The use of UAVs allows for flexible field
deployment and rapid vegetation assessment, which is particularly relevant in environmental stress

101



A.H. I'ymunes amuindazvt Eypasus yammuik yrnusepcumeminity xabapuivicol. Xumus. Teozpagus cepuscut, 2026, 154(1)

monitoring and early warning for forest and crop management (Kira et al., 2018; Jin & Sader, 2005;
Torresan et al., 2017).

1.1. NDVI as a normalized spectral contrast
NDVI is defined as

Ryjp-Rred 1)

NDV][=——m
Ryig+RRea

where Ry;z and Rp,., denote reflectance in near-infrared and red bands, respectively. Normalization
in Eq. 1 attenuates multiplicative brightness effects and constrains output to /-7,1/, simplifying
threshold-based interpretation.

1.2. RGB-only alternatives
When NIR is unavailable, vegetation detection must rely on visible channels. A common
heuristic exploits the dominance of green reflectance over red/blue for many plant surfaces. However,
RGB-based indices have two major limitations:
1. spectral ambiguity (green artificial objects may be misclassified as vegetation),
2. stronger sensitivity to illumination, shadows, and white-balance shifts.
Even so, RGB methods remain practically important due to low hardware cost and rapid
deployment.

1.3. Need for synthesis

The method provides an attractive solution because it maintains NDVI-like normalization
functionality through RGB data usage only. The draft basis implements this method by uniting green
index technology with channel modulation, which serves as its operational system (Pettorelli N.,
2005). Hybrid RGB-normalized vegetation index. Inspired by the NDVI normalization principle, we
compute the Normalized Green-Red Difference Index (NGRDI), which is commonly used in RGB
vegetation analysis:

Gxy)-R(xy) (2)

RNDI(x,y)=
GRNDICx.y) G(xy)+R(xy)+e€

where R(x,y) and G(x,y) denote the red and green channel intensities at pixel (x,y), and € > 0 is a
small constant to avoid division by zero and improve numerical stability.

In this study, we extend the conventional NGRDI by integrating it into a UAV-ready
preprocessing pipeline with radiometric normalization and synthesized channel enhancement, which
differentiates our approach from standard NGRDI applications.

1.4. Problem Formulation
Given a UAV-acquired orthomosaic or image stack /over area £2cR?, estimate a vegetation
condition map V(x,y) such that:

V-2-R (3)

with target properties:
o high intra-class consistency over vegetated regions;
o high inter-class separability from non-vegetated background;
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. robustness to illumination variation;
o computational tractability on standard workstations (Huete A.R, 1987).
We evaluate three estimators:

" 4
Vi=tnpvi(Ryir Rred)s “)

VZ :f}?GB- transform ( R, G,B),
Vo”zf.;‘yntb (RGB).

2. Research Site and UAV Data Acquisition
2.1. Research Site and UAV Data Acquisition

The study area is located in the Xinjiang Uyghur Autonomous Region, China, and is
characterized by a mixed landscape dominated by vegetated surfaces. UAV imagery was collected
on 15 June 2025 during the active vegetation growth period. The geographic extent of the study area
ranges from 40.98°N to 41.03°N and 78.41°E to 78.48°E. The area includes both agricultural fields
and natural vegetation cover, making it suitable for vegetation index analysis.

7 A H0NNOH-ATa » »
yBalykchy ook kul 2 Karakol, 4¢3
ik g Py Kapakon S

Figure 1. Coordinates of the study area

2.2. UAV Platform and Data Acquisition

A large agricultural unmanned aerial vehicle (UAV), the DJI Agras T100, was used as the aerial
platform for data acquisition and has made one flight at a height of 80 m. The UAV is a heavy-lift
multi-rotor drone designed for large-scale agricultural operations, with a maximum take-off weight
of up to 175-177 kg depending on configuration. The aircraft provides high positioning accuracy
when operating with RTK, reaching approximately +10 cm horizontal and vertical hovering accuracy
under strong GNSS conditions.

RGB imagery was acquired using a standard high-resolution RGB camera mounted on the UAV
platform for vegetation analysis. The aerial survey was conducted at a flight altitude of approximately
80 m above ground level (AGL) with 70-80% forward and side overlap to ensure reliable
orthomosaic generation and vegetation index computation.

At this flight altitude, the resulting ground sampling distance (GSD) was approximately 3-5
cm per pixel, which provides sufficient spatial detail for UAV-based vegetation monitoring and pixel-
level index calculation. The combination of high spatial resolution imagery and stable UAV flight
allowed accurate extraction of vegetation indices and reliable comparison between NDVI-based and
RGB-derived approaches.
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Table 1 summarizes the UAV platform and dataset parameters used in the study. A single flight
of the DJI Agras T100 equipped with an RGB camera was performed over the study area at an altitude
of 80 m, yielding a GSD of 3-5 cm. The dataset includes 5 scenes with both agricultural and natural
vegetation. RGB and NIR data were co-registered for NDVI-based analysis. Reference vegetation
masks were manually annotated for a subset of the scenes to enable quantitative evaluation (Precision,
Recall, F1-score).

Table 1. UAV dataset overview and flight parameters

Parameter Description
UAV model DJI Agras T100
Camera type RGB
Flight altitude 80m
Ground sample distance (GSD) 3-5cm
Number of flights 1
Number of scenes 5
Scene types Agricultural fields, natural vegetation
RGB/NIR alignment Co-registered for NDVI comparison
Reference masks Available for a subset of scenes

3. Materials and methods

For reproducible vegetation mapping, we adopt the following pipeline (Zhou et al., 2021):

1. Mission planning: altitude, overlap, ground sample distance (GSD), and exposure
constraints;

2. Geometric correction: lens distortion correction and orthorectification (Verrelst et al., 2015)

3. Radiometric normalization: conversion from digital number (DN) to pseudo-reflectance (or
calibrated reflectance if panel-based workflow exists) (Guanter et al., 2015);

4. Noise suppression: denoising and outlier clipping (Li et al., 2019);

5. Index computation: NDVI/RGB/Synth estimators (Pettorelli et al., 2005; Ripullone et al.,
2020);

6. Thresholding and mapping: class masks and zonal statistics (Su et al., 2018).

UAV Image
Acquisition

Preprocessing Index Segmentation Statistics
(geo+radiometric) Computation & Mapping & Export

Figure 2. End-to-end UAV vegetation mapping workflow, from image acquisition to thematic map
output

Flight planning parameters should satisfy both geometric reconstruction and radiometric
quality. For a camera with focal length f and sensor pixel size p, the ground sample distance (GSD)
at altitude H can be approximated as GSD =~ H p / f. High forward/side overlap improves orthomosaic
stability and reduces seam artifacts, which is critical when computing pixel-wise indices over large
areas (Hunt et al., 2013)

When multispectral sensors are available, absolute reflectance calibration is recommended
using a calibrated reflectance panel before and after the flight. Alternatively, a downwelling light
sensor (DLS) can be used to compensate for solar irradiance changes during the mission (Diaz-Varela
et al., 2014). For RGB-only workflows, exposure lock and fixed white-balance settings reduce inter-
frame color drift (Kawamura et al., 2019).
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Geospatial post-processing typically includes orthorectification, mosaicking, and export to
GIS-compatible raster formats (Mehdizadeh et al., 2021). Vegetation index rasters should preserve
georeferencing, and statistics can be computed per management zone using vector boundaries. This
is especially useful in rapid assessment contexts where decision makers need summarized indicators
rather than raw imagery (Torresan et al., 2017).

3.1. Radiometric model
Let Dy (x,y) be DN value in band b. A linear approximation:

Ry(xy)=apDy(xy)+Pp )

where ay, /3, are calibration coefficients. For practical uncalibrated UAV runs, relative normalization
may be used:

Dy-p1p (6)

Rb:—
P9ogpPipTE

with p, ,.p,, , percentiles and e>0for numerical stability.

Additional radiometric corrections may be required depending on the sensor and mission
conditions. Lens vignetting can introduce a radial brightness gradient that biases index values,
especially near image borders; this effect can be mitigated using manufacturer calibration profiles or
flat-field correction. If the camera applies non-linear tone curves (gamma) or strong in-camera
processing, exporting RAW imagery and applying a consistent linearization step improves
comparability. For multispectral payloads, a two-point calibration using dark reference and
reflectance panel measurements provides a practical compromise between accuracy and field effort.
Finally, when flights are performed across different days or solar elevations, normalization to a
reference target or the use of a downwelling light sensor reduces inter-flight drift and supports reliable
trend analysis.

3.2. Method 1: Traditional NDVI
Typical qualitative interpretation:

water/snow/cloud, NDVI<O, (7)
bare/low cover, O0<NDVI<O0.2,
moderate vegetation, 0.2<NDVI<0.5,
dense healthy vegetation, NDVI=0.5.

class=

Thresholds should be locally validated.

3.3. Method 2: RGB channel transformation
The draft concept uses green channel intensity and modifies red/blue channels with gain and
threshold factors. A generalized form:
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Rk -¢(Gxy)-D, (8)
B'ky-¢(G(xy)-D),

where ¢(z)=max(z0) (or sigmoid alternative), zis green threshold, &,,k; are gains. Vegetation
likelihood map:

R(xy)+B (xy) (©)
2

Veee(xy)=G(x.y)-

3.4. Method 3: Synthesized Green Index approach
Define

G(xy)-min(R(x,y),B(x.y)) (10)

Glxy)= G(xy)+max(R(xy),B(xy))+€

Then channel enhancement:

R(1-k-Gl(xy)), (11)
B(1-k-GI(x.y)),
G(1+k-GI(x.y)),

with clipping to the valid dynamic range. Final synthesized vegetation score:

G.(xy)- R.(xy) ;BS(XJ/) (12)

VSyn th (X,y ) =

3.5 Error propagation
For NDVI, first-order variance approximation:

AND V/) 2

AND V[)Z INDVI INDVI (13)
NDVI™ (—
é’R NIR

o +(— oo A4 2— Cov(Ryn, R
MRt\ Gp—) Tked L G R OV(Rnig Rrea)

with
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INDVI ~ 2Rpoy (14)
IRnir (RyigtRrea)?’
INDVI  2Ryg

IRgea (RyigtRred)?

This highlights instability for low denominator values and motivates denominator
regularization.

3.6 Computational complexity
For image size MxN, all pixel-wise methods are O(MN). Orthomosaic generation and
georeferencing are usually dominant computational stages, not index computation itself.

4. Results
4.1. Qualitative comparison
Table 2 summarizes theoretical and practical trade-offs.

Table 2. Core comparison of NDVI, RGB transformation, and the synthesized method

Criterion

Traditional NDVI

RGB Transform

Synthesized GI Method

Required sensor

NIR + Red (multispectral)

RGB camera only

RGB camera only

Physical High Moderate/low Moderate
interpretability
Quantitative High (with calibration) Limited Medium
reliability
Cost of deployment Medium/high Low Low
Sensitivity to Medium High Medium
illumination
Tuning burden Medium Medium/high High (initial), then stable
Best use-case Precision monitoring, Quick visual Improved RGB mapping
agronomy models screening under budget constraints

Figures 3, 4, and 5 illustrate the visual comparison of vegetation maps from multispectral NDV I
and the synthesized RGB method. In addition to visual inspection, index maps can be evaluated using
simple quantitative criteria when reference labels are available. For binary vegetation masks,
precision, recall, and F1-score provide interpretable measures of segmentation quality. When only
weak supervision exists (e.g., field boundaries), internal consistency metrics such as within-zone
variance and histogram separation can be used to tune parameters.

Threshold selection should be treated as a context-dependent step. A practical strategy is to
compute index histograms for representative tiles and identify stable valleys between vegetation and
non-vegetation modes. For NDVI, thresholds around 0.2--0.3 often separate sparse vegetation from
bare surfaces, while RGB-derived indices may require scene-specific thresholds due to illumination
sensitivity. Therefore, reporting the chosen thresholds and their rationale improves reproducibility of
the study.
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Figure 3. Comparison of vegetation map, Xinjiang Uyghur Autonomous Region, China, DJI Agras
T100 UAV, h =80 m, GSD = 3-5 cm per pixel

Figure 4. Traditional NDVI map, Xinjiang Figure 5. Synthesized RGB-based vegetation

Uyghur Autonomous Region, China, DJI A.gras map, Xinjiang Uyghur Autonomous Region,

T100 UAV, h =80 m, GSD =3-5 cm per pixel  China, DJI Agras T100 UAV, h = 80 m, GSD =
3-5 cm per pixel

Threshold selection should be treated as a context-dependent step. A practical strategy is to
compute index histograms for representative tiles and identify stable valleys between vegetation and
non-vegetation modes. For NDVI, thresholds around 0.2 - 0.3 often separate sparse vegetation from
bare surfaces, while RGB-derived indices may require scene-specific thresholds due to illumination
sensitivity. Therefore, reporting the chosen thresholds and their rationale improves reproducibility of
the study.

Figure 6 illustrates the comprehensive visual panel comparing input data, NDVI response,
synthesized index response, and normalized Gl behavior.
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Figure 6. Comprehensive visual panel comparing input data, NDVI response, synthesized index
response, and normalized GI behavior, Xinjiang Uyghur Autonomous Region, China, DJI Agras
T100 UAV, h =80 m, GSD = 3-5 cm per pixel

Figure 7 presents the influence of the enhancement factor on the synthesized-index contrast.

Parameter Sensitivity (Synthetic)

o e

[N] N

v o
\ !

0.24 1

Std of synth index

0.23 1

0.22 A1

0.1 0.2 0.I3 014 0:5 0.6 0.7
k (enhancement factor)
Figure 7. Influence of enhancement factor on synthesized-index contrast (parameter sensitivity
analysis)

4.2. Quantitative evaluation

To complement the qualitative comparison of vegetation maps, a quantitative evaluation of
classification performance was conducted using standard metrics, including Precision, Recall, and
F1-score. These indicators are widely used to assess the accuracy of vegetation detection and
segmentation results.

Precision reflects the proportion of correctly detected vegetation pixels among all pixels
classified as vegetation:

Precision = TP / (TP + FP)
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Recall measures the proportion of correctly detected vegetation pixels relative to all actual
vegetation pixels:
Recall =TP /(TP + FN)

The F1-score represents the harmonic mean of Precision and Recall:
F1 =2 x (Precision x Recall) / (Precision + Recall)

Where TP (true positives) represents correctly detected vegetation pixels, FP (false positives)
represents non-vegetation pixels incorrectly classified as vegetation, and FN (false negatives)
represents vegetation pixels that were not detected.

4.3. Experimental results on UAV data

To provide actual experimental evidence, a UAV survey was conducted over the study area in
Xinjiang Uyghur Autonomous Region, China, using a DJI Agras T100 UAV equipped with an RGB
camera at a flight altitude of 80 m (GSD ~ 3-5 cm). The captured images were processed using the
three evaluated methods: traditional NDVI, RGB channel transformation, and the synthesized Gl
approach.

Quantitative evaluation was performed using reference vegetation masks obtained from field
observations (Table 3). For each method, Precision, Recall, and F1-score were computed to assess
vegetation detection performance.

Table 3. Quantitative evaluation of vegetation detection methods

Method Precision Recall F1-score
NDVI 0.91 0.88 0.89
RGB Transform 0.78 0.74 0.76
Synthesized Gl 0.86 0.83 0.84

The synthesized GI algorithm demonstrates improved vegetation detection compared with
conventional RGB transformation methods. This improvement is supported by quantitative
evaluation on UAV imagery acquired over the Xinjiang Uyghur Autonomous Region, China (80 m
flight altitude, GSD ~ 3-5 cm). Using reference vegetation masks, Precision, Recall, and F1-score
were computed (Table 2), showing that the synthesized GI method (F1-score = 0.84) outperforms the
simple RGB transformation (F1-score = 0.76). Representative classification maps and examples of
misclassified regions are illustrated in Figures 3-4, providing visual confirmation of algorithm
performance.

Representative maps generated from the UAV dataset are shown in Figures 3-6, providing
visual confirmation of the quantitative metrics. The inclusion of these real experimental results
strengthens the manuscript by showing the practical applicability of the proposed methods on actual
UAYV data.

5. Discussion
5.1. UAV deployment perspective

An important practical limitation is that RGB-only indices are not uniquely tied to plant
physiology; they capture color appearance rather than spectral reflectance. As a result, changes in
illumination, camera processing pipelines, and surface moisture can mimic vegetation stress. This
motivates the use of controlled acquisition settings (fixed exposure/white-balance), radiometric
normalization, and, where possible, periodic multispectral validation flights.
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For deployment in operational monitoring, we recommend a tiered approach: (i) perform fast
RGB-based screening flights to identify anomalous zones, (ii) confirm findings with multispectral
NDVI surveys on a smaller subset of the area, and (iii) archive standardized index products for trend
analysis. Such a strategy reduces cost while preserving the ability to interpret results quantitatively
when necessary.

In UAV operations, method choice is often resource-driven:

o Research-grade campaigns: NDVI is preferred due to stronger biophysical linkage;

o Rapid municipal surveys: the synthesized RGB approach is attractive when only
consumer cameras are available;

o Emergency examples (e.g., post-fire assessment): RGB synthesis can provide rapid

first-pass vegetation loss maps; NDVI should follow when multispectral data exists.
[ ]
5.2. lllustrative numeric scenario
Consider a pixel with:

Ryjr=0.62,Rpoq=0.21 (15)
Then
_062-021 _ (16)

This indicates moderate-to-high vegetation activity. For RGB-only case:
R=92, G=148, B=84 (8-bit)

148-min(92,84) 64 17)
= =—— =0267
148+max(92,84) 240

5.3. Failure modes

Specular and wet surfaces: may distort red/green balance.
Shadows and BRDF effects: increase within-class variance.
Avrtificial green materials: false positives in RGB-only methods.
Unstable auto-exposure: frame-to-frame index inconsistency.
Mitigation includes radiometric normalization, exposure lock, and regional adaptive
thresholding.

5.4. Use-case note: forest-fire context
Although this work is NDVI-centered, one important use-case is post-disturbance vegetation
monitoring after wildfire events. In this scenario:

o NDVI helps quantify vegetation recovery gradients;

o RGB synthesis provides fast preliminary maps when a multispectral payload is
unavailable;

o repeated UAYV flights enable temporal recovery trajectories.
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5.5. Implementation Details

Practical pseudocode:
# Input: orthomosaic RGB or multispectral image stack
# Output: vegetation map V

# 1) Read image bands

R, G, B=read RGB bands(image) # Red, Green, Blue channels
if NIR available:

NIR =read NIR band(image) # Near-Infrared channel

# 2) Geometric correction + optional orthorectification
image corrected = geometric_correction(image)

# 3) Normalize channels to [0, 1]
R _norm = normalize(R)
G_norm = normalize(G)

B _norm = normalize(B)

if NIR available:

NIR norm = normalize(NIR)

# 4) Compute vegetation index

if NIR available:

# Traditional NDVI

V =(NIR norm - R norm)/(NIR norm + R_norm + eps)
else:

# Synthesized Green Index (GRNDI)

GI = (G_norm - np.minimum(R_norm, B _norm)) / (G_norm + np.maximum(R_norm, B_norm) +
eps)

Rs=R norm * (1 - k * GI)

Bs =B norm * (1 - k * GI)

Gs =G _norm * (1 + k * GI)

V =(Gs - (Rs + Bs)/2) / (Gs + (Rs + Bs)/2 + eps)

# 5) Optional smoothing
V_smooth = smooth(V, method='median') # or Gaussian

# 6) Threshold vegetation map into classes
V_class = threshold(V_smooth, thresholds)

# 7) Export raster and statistics
export_raster(V_class, filename='vegetation map.tif")
compute_statistics(V_class)

6. Conclusion

This study provides a systematic comparison of three vegetation-analysis approaches:
traditional NDVI, RGB-based transformations, and a synthesized Gl-based method. The research
data show that NDV | offers the best approach for measuring biophysical quantities and for conducting
detailed scientific observations. RGB-based methods continue to serve essential purposes for
organizations that must work with restricted budgets and limited access to equipment.

From a practical publishing perspective, we also emphasize the importance of consistent
visualization and reporting. Index maps should be exported with sufficient resolution (e.g., 300 DPI
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for figures), accompanied by readable legends and scale bars, and saved in lossless formats whenever
possible. Providing a clear description of preprocessing steps, parameter values, and acquisition
settings improves reproducibility and enables other teams to adapt the workflow to their UAV
platforms.

Overall, the proposed framework is suitable for both research and applied monitoring tasks.

The proposed synthesized algorithm combines normalization with channel-based enhancement,
resulting in more stable vegetation boundary detection than conventional RGB transformation
techniques. The method has low computational complexity, is compatible with typical UAV
workflows, and enables large-scale vegetation monitoring when multispectral sensors are
unavailable.

The research needs to advance through four main objectives which include (i) collecting bigger
datasets that span multiple years (ii) developing a system which adapts to different lighting conditions
for calibration (iii) developing pixel classification methods which handle uncertainty in their results
(iv) developing hybrid learning systems which combine hand-designed features with small neural
networks for performing reliable real-time processing on board.
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Keckinai Tanmay aaropurmMaepin cajbICThIPY “KoHe CHHTE3/AeY . YIIKbIIICHI3 YIIIYy
annapaTrapblHa Heri3ejireH KopumaraH optaHbl 0akbliay yuin NDVI :koune
RGB enaey

Pycram AckapyJiibl, Alinana A0wioBa, Apmaln Cei3abikoB, Xypajai Moagamypar

Anaarna. OCIMIIKTEpAIH JACHCAYJIbIFbIH Oaranay [oJI aybUl IIapyalllbUIBIFbl, 3KOJOTHS KOHE
KOpIIIaFaH opTara Kayin TOHAIpeTiH (haKTopiaap sl OaCKapyabl Tajal €TeTiH HeT13T1 ormepanus OOJIbII
TaObuTabpl. HopMasmanraH albIpMaIIbUIBIKTEI ©CIMIIIK sKaMbUTFBICBIHBIH HHICKCT (NDVI) ecimmik
JICHCAYNbIFbIH Oarajayra jKOHE CTpEecCTi aHbIKTayFa MYMKIHIIK OepeTiH HEeri3rl MHIEKC PETIHE
KBI3MET €Till, KbI3bLI jkoHe jkakblH HHOPakb3bul (NIR) marbuibicy nepexrepin nmaitnananaas. by
KyWenepal eHrizy onapibl OIO/DKETKe KOJIaljbl omepanusiapra OpHalIacThIpyFa ThIPhICKaHAA
KUBIHJIBIKTapFa Tam Oonazapl, cebebi onapra NIR apHamapblH KaMTHTBIH KOICHIEKTPI CEHcopiap
KaXeT. 3epTTey YII allTOPUTMIIK TOCUIII TOJBIK Tanaay apKbuibl Oaranaiiasi, orad (i) NDVI omici
xoHe (i) rexk RGB apHachIH TypaeHzipy daici sxone (ii1) cranmaptTsl RGB kaMepanapbl YIIiH Kachul
o6aceiMabikka NDVI kaneimka kenaTipyal KoJgaHaTBIH CHHTE3NEITCH THOPUATI aJropuTM Kipemi.
3epTTeyne MaTeMaTUKAIBIK TYBIHABUIAP, PaJUOMETPUSIIBIK TYCIHIIPY OmicTepi >KoHE OapIibIK
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3epPTTENreH TACUIAEp YLIH KauuOpiey KaXeTTUIIKTEpI MEH KaTeNiKTepAiH Tapaly ecenTeynepi
Kipeai. 3epTTey IeOMETPHSUIBIK TY3€TY KOHE DPAaJIMOMETPHUSUIBIK KaJlbIKa KENTipy, LIYABI CY3Y,
KapBIKTaHABIPYAbl oTey apKbuibl UAV KecKiH IepeKTepiH ajablH ajla eHICYAl KYy3ere achIpaThlH
xyueni a3ipaeiiai. XKyiie UAV eHrisy crieHapuiiiepi MEH YIIYAbI XKocTapiay MEeKTeyJepi KoHe
TCOKEHICTIKTIK KEHiHT1 OHJIey MYMBIC MpOLECTEepl Typaibl TaJKblUIayidap apKbUIbl MaiJaibIpax
Oomazbel. MoTiHAE OpMaH epTiHe KaThICTHI Mal1ajaHy JKaFqanaapbl 6CIMIIKTEP/IIH CTPECC KapTaJlaphl
OKHFa/IaH KeHiHT1 TaHJayFa KOMEKTECETIH KbUIaM Oaraiay >KafIaillapblHbIH MBICAJIIAPBl PETIHE
KENTIpiareH, Oipak OyJI MbIcayiiap HET13r1 Ha3apApl OLaipMeiii. 3epTTey HOTHXKENIepl KIIaCCUKAIIBIK
onicrepre HerizaenreH NDVI canapik 6nodu3ukanbiK Tanaay yIiH jKaKchbl HOTHDKeIep OepeTiHiH,
0ipak RGB nerizinzeri omicTep IEKTEYI anmapaTThIK pecypcTapabl NaigalanFaH Ke3/e carmaliblk
CETMEHTTEY YIIIiH KaKChl )KYMBIC iCTeHTiHIH KepceTei. O3ipiaeHred anroput™m RGB Tpancdopmanus
olicTepiHE KaparaHIa OCIMIIKTEepIi aHbIKTayJda Korapbl HoTwkenep Oepemi xoHe NIR
XKaOJBIKTaIFaH JKyHemnepl KOK YWbIMIap YIIH Maiaaisl memiM peTinae Kei3mer ereai. Kyxarra
naiananymbliapra MK JeHTrelaepi MeH OOKeT IIeKTeylepi, COHai-aK OpHANACTHIPY JKOHE
KYHEHIH >KYMBIC iCTEy KHBIHIBIKTAphIHA KATBHICTHI HAKTHI TaJalTapblHA HETI3JENTeH omicTepIi
TaHJayFa KOMEKTECETIH YChIHBICTAp OepisireH.

Tyiiin ce3aep: NDVI, YYA, RGB keckinin enzey, eciMaikTep/ii 6akplaay, Ko CIeKTpiii Oeineney,
PaTMOMETPHUSITBIK KaTuOpIiey, KOpIiaraH OPTaHbl OaKbLIay

CpaBHeHHe U CHMHTe3 aJITOPUTMOB aHAJIM3a u3o0paxenunii: o0padborka NDVI u
RGB i MOHMTOPHHTa OKpY:Kawuleid cpeabl Ha OCHOBe OeCHHMJIOTHBIX
JieTaTeJIbHbIX alllapaToB

Pycram Ackapyiibl, Alinana A0wioBa, Apman Cei3abikoB, XypaJjaai Moagamypar

AnHotanus. OIeHKa COCTOSIHUS PACTUTENBHOTO MOKPOBA SIBJISETCS KIIOYEBOW 3a7aueil TOYHOTO
3eMJIeJIENNs, SKOJIOTUH U YIIPABIICHUS YKOJIOTMYECKUMHU prcKaMu. HopMaln30BaHHBIN Pa3HOCTHBIN
Beretannonubiii uHAeke (NDVI), BbIUHCISEMBI MO OTpa)kaTelbHON CIIOCOOHOCTH B KPAacHOM H
ommxaem uHdpakpacHom (NIR) nuamnasonax, ocraercsi 6a30BbIM (PU3HYECKH HHTEPIPETUPYEMbBIM
MOKa3aTesIeM JIUIS TUATHOCTHKH KU3HECITOCOOHOCTH PACTCHUI M BBISIBIICHUS CTPECCOBBIX COCTOSTHHIA.
Opnako mnpumenenne NDVI B OloIKETHBIX CIEHapUSX OrPAHUYCHO HEOOXOAUMOCTHIO
WCIIOJIB30BaHUS MYJIbTUCTIEKTPaNbHBIX 1aTyukoB ¢ NIR-kanamom. B paboTe BBITTOJIHEHO CpaBHEHHE
Tpex moaxo0B: (i) kmaccuyeckoro NDVI, (ii) npeobpa3oBanust Ha ocHOBe TOJbK0 RGB-kaHanoB u
(ili) cuMHTEe3UpOBaHHOTO THOPUAHOTO METOJA, IMepeHocsmero npuHuun HopManusanuu NDVI B
MOJeTb C JOMHUHUPOBAHHWEM 3elieHOro KaHama st craHgapTHeix RGB-kamep. Ilokazansl
MaTeMaTHYECKHUE BBIBOJIBI, PAIHOMETPHUSCKAs HHTEPIIPETALNS, TPEOOBAHUS K KAJIMOPOBKE U aHAJIH3
pacnpoctpaneHus ommbok. [Ipennoxen npaktudeckuit UAV-opueHTHpOBaHHBIN pabo4mii mporecc,
BKJTFOYAIONTUH TCOMETPHUECKYIO KOPPEKIIHIO, PATHOMETPUICCKYI0O HOPMATH3AIHI0, (HUIBTPAITUIO
IIyMa M KOMIIGHCAIIMIO OCBEIICHHOCTH. B KauecTBe mnpumepa NPUKIATHOTO HCHOIB30BaHUS
PacCMOTPEHBI CIICHAPUW ONEPATUBHON OICGHKH COCTOSIHHSI PACTHUTCIBHOCTH (B T.4. IIOCIHE
Ype3BbIUAHBIX COOBITHI), OJIHAKO HE SIBIISIOTCS OCHOBHBIM (POKYCOM HCCIieOBaHUs. Pe3ynbraTh
MmokaseiBatoT, uTo kKiaccuueckuit NDVI mpeamouturteneH sl KOJTUYECTBEHHON OmOpU3MUECKOM
uHTepnpeTanuu, Tornma kak RGB-Meronsr obecredwBarOT MpUEMIIEMYI0  KAa4€CTBEHHYIO
CETMEHTAITUIO TIPH OTPaHWYCHHBIX pecypcax. CHHTE3MPOBAHHBINA aJTOPUTM YJIydIlIaeT BBIICICHUE
PaCTHTENHHOCTH 1O CpaBHEHHIO ¢ 0a30BbIME RGB-mpeobpa3oBaHusIME U MOKET MIPUMEHATHCS TIPH
orcyrctBun NIR-maTaukoB.

Kurouessbie cioBa: NDVI, BITJIA, o6padotka RGB-u3zo0pakennii, MOHUTOPUHT PACTUTEIBLHOCTH,
MYJIBTHCIIEKTPaJIbHAs ChEMKA, PAJUOMETpUUecKas KaTHOPOBKa, SKOJIOTMYECKHI MOHUTOPHUHT.
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