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ABSTRACT

The accurate monitoring of nitrogen (N) status and leaf chlorophyll content is essen-
tial for optimizing maize (Zea mays L.) productivity and ensuring sustainable nutrient
management. While manual SPAD chlorophyll measurements provide reliable assess-
ments of plant vitality, they are limited by their small measurement area and high labor
intensity. Furthermore, the high cost of specialized multispectral sensors presents a
significant economic burden for smallholder farmers. This study investigates the po-
tential of a cost-effective Unmanned Aerial Vehicle (UAV) platform, the DJI Phantom
4, equipped with a standard RGB sensor to predict maize health under diverse nutrient

management strategies.

A field experiment was conducted using six treatments: T1 (control), T2 (100% RDN)),
T3 (100% RDN + biochar), T4 (urea-enriched biochar), T5 (50% urea + cattle urine-
enriched biochar), and T6 (50% urea + human urine-enriched biochar), arranged with
four replications. Ground-truth SPAD values were acquired at key growth stages to es-

tablish a physiological baseline.

High-resolution RGB imagery was used to compute vegetation indices (VIs), including
Normalized Green-Red Difference Index (NGRDI), Triangular Greenness Index (TGI),
and Visible Atmospherically Resistant Index (VARI). Correlation and regression anal-
yses were performed to identify indices sensitive to chlorophyll variations, consistent

with previous studies [1].

Results showed that RGB-derived VlIs are effective proxies for crop health, with VARI
and NGRDI showing strong correlation with SPAD values. A Random Forest (RF)
model was developed for SPAD prediction and crop classification, leveraging its ro-
bustness against non-linearity and overfitting [2]. The model performance aligns with

similar studies achieving high prediction accuracy.

This study demonstrates that UAV-RGB systems combined with machine learning pro-
vide a scalable, non-destructive solution for post-processed crop monitoring and preci-

sion nutrient management.
Keywords: Biochar, GLI, NPCI, Nutrient Management, Orthomosaic Mapping, Pre-

cision Agriculture, Random Forest, RGB Vegetation Indices, SPAD Chlorophyll, TGI,
UAV Remote Sensing, VARI
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Chapter 1: INTRODUCTION

1.1 Background

Maize is the second most important staple crop in Nepal after rice and plays a vital role
in ensuring national food security, rural livelihoods, and agricultural sustainability. It
is cultivated across diverse agro-ecological regions and serves as a primary source of
food, feed, and income for smallholder farmers. Despite its high genetic yield poten-
tial, maize productivity in Nepal remains relatively low compared to global standards,
largely due to inadequate and imbalanced nutrient management practices.[3] Efficient
nutrient management is therefore essential not only to enhance crop yield but also to

promote sustainable agricultural production systems.

Previous studies have demonstrated that maize growth and yield are highly influenced
by nutrient availability and management strategies. Different nutrient treatments, in-
cluding combinations of organic and inorganic fertilizers, have shown significant vari-
ations in crop performance. Statistical tools such as Analysis of Variance (ANOVA)
have been widely used to evaluate the significance of treatment effects, while regres-
sion analysis has been applied to model relationships between growth parameters, yield,
and environmental or management variables. These approaches provide a robust frame-
work for understanding variability in crop response under different experimental con-
ditions.[4]

In recent years, the application of vegetation and spectral indices has emerged as an
effective, non-destructive method for assessing crop vigor and nutritional status. In-
dices such as the Visible Atmospherically Resistant Index (VARI), Green Leaf Index
(GLI), Triangular Greenness Index (TGI), and Normalized Green-Red Difference Index
(NGRDI) utilize reflectance data from crop canopies to estimate greenness, chlorophyll
content, and overall plant health.[1][4] These indices have been successfully applied
in precision agriculture for monitoring crop conditions and guiding management deci-
sions. However, their application in maize under varying nutritional conditions, partic-

ularly in the context of Nepal, remains limited.

Low maize productivity in Nepal continues to be a major challenge, primarily due to
poor nutrient management and the lack of timely, data-driven diagnostic tools. Tradi-
tional practices often rely on visual assessment and farmer experience, which may not
accurately detect early nutrient deficiencies or optimize fertilizer application.[5] This
highlights a critical gap in integrating advanced analytical techniques with practical

field-level applications.



Therefore, there is a need to evaluate maize performance under different nutritional sta-
tus plots using a combination of statistical and spectral approaches. The integration of
ANOVA and regression analysis with vegetation indices can provide a more precise and
quantitative understanding of crop response to nutrient treatments. Such an approach
can improve nutrient diagnosis, support precision agriculture practices, and contribute

to enhanced productivity in the local farming context of Nepal.

1.2 Problem Statement

Traditional agricultural monitoring methods are labor-intensive, time-consuming, and
unsuitable for large-scale crop assessment. While multispectral sensors provide accu-
rate vegetation indices for quantitative analysis, their high cost limits adoption among
smallholder farmers. Low-cost RGB cameras mounted on UAVs offer a promising al-
ternative; however, existing RGB-based approaches remain inefficient due to manual
data collection and complex post-processing, restricting their effectiveness for timely
crop health monitoring.

Therefore, this study aims to establish a robust mathematical relationship between
RGB-derived vegetation indices (such as VARI) and crop physiological status under
varying fertilization treatments, including urine-enriched biochar. This approach seeks
to enable a cost-effective, scalable, and non-destructive method for crop health moni-

toring.

1.3 Objectives

1.3.1 Main Objective

To assess maize nutritional status using UAV based RGB aerial imagery through the

computation and comparative analysis of multiple vegetation indices.

1.3.2 Specific Objectives

1. To perform systematic UAV flights to capture high-resolution RGB images and
generate georeferenced orthomosaic maps.

1. To develop an image processing pipeline to segment maize canopy and remove

non-vegetation pixels.

iii. To compute multiple RGB derived vegetation indices from UAV derived masked

canopy imagery and spatially map their distribution across experimental plots.

iv. To quantify the effect of six distinct nutrient treatments on crop chlorophyll con-

tent using SPAD-502 meter readings across four replications.



1.4 Applications

1 Enables early and accurate detection of maize nutrient deficiencies for timely

management interventions.

i1 Supports site-specific nutrient application,enhancing fertilizer use efficiency and

productivity.

111 Reduces labor and costs associated with traditional crop monitoring through UAV-

based remote sensing.

iv Provides reliable data to inform agricultural extension services and policy deci-

sions.

v Establishes a scalable framework adaptable to other crops and regions for broader

agricultural applications.

1.5 System requirements
1.5.1 Hardware Requirements

Table 1.1: Hardware Requirements

SN | Hardware Description

1 | DJI Phantom 4 Pro UAV platform equipped with RGB
imaging system for vegetation index
calculation

2 | SPAD Chlorophyll Meter Handheld instrument for ground-truth
leaf chlorophyll measurement.

3 | Mobile Device/Tablet For running DJI flight control applica-
tions and mission planning software

4 | Memory Cards (SD Cards) High-speed storage media for onboard
image data recording

5 | Battery Charger & Hub Multi-battery charging system for
field operations

6 | Laptop/Workstation High-performance computer for im-
age processing, orthomosaic genera-
tion, and vegetation index calculation
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1.5.2 DJI Phantom 4 Pro V2.0

Phantom 4 Pro V2.0 was used for mapping due to its high resolution cameras and
OcuSync Transmission system. Some of the specifications of the drone used are:
Physical Dimensions and Airframe

Weight (Battery & Propellers Included): 1375g
Diagonal Size (Excluding Propellers): 350mm )
Max Wind Speed Resistance: 10m/s . :/’é; 4

Operating Temperature Range:0 °C to 40 °C
Figure 1.1: DJI Phantom

Weight (Maximum Flight Time): approx. 30min
ght( g ): app 4 Pro V2.0

Camera and Imaging System

The core of the mapping capability lies in the 1-inch sensor

and the mechanical shutter system.

Sensor: 1”7 CMOS; Effective pixels: 20M

Lens: FOV 84° 8.8 mm/24 mm (35 mm format equivalent)
Aperture: 1/2.8 — f/11

Mechanical Shutter Speed: 8 — 1/2000 s

Table 1.2: PIV Image Size and Supported Frame Rates

Resolution  Supported Frame Rates

4096 x 2160 24/25/30/48/50 fps

3840 x 2160 24/25/30/48/50/60 fps
2720 x 1530 24/25/30/48/50/60 fps
1920 x 1080 24/25/30/48/50/60/120 fps
1280 x 720  24/25/30/48/50/60/120 fps

Gimbal Specifications

Table 1.3: Gimbal System Specifications

Feature Specification
Stabilization 3-axis (pitch, roll, yaw)
Controllable Range Pitch: —90° to +30°

Max Controllable Angular Speed Pitch: 90°/s




3. Navigation and Flight Endurance

Table 1.4: Flight and Positioning Data

Feature Specification

Max Flight Time Approx. 30 minutes
Satellite Positioning Systems GPS / GLONASS
Transmission System OcuSync 2.0

Vertical Hover Accuracy
Horizontal Hover Accuracy
Battery Capacity

4+0.1m (Vision) / £0.5m (GPS)
+0.3m (Vision) / &1.5m (GPS)
5870 mAh (15.2 V)

1.5.3 Software Requirements

Table 1.5: Software Requirements

SN

Software

Description

DroneDeploy

UAV mission planning, flight path ex-
ecution, and orthomosaic generation
from acquired RGB imagery.

QGIS

Geospatial analysis, vegetation in-
dex calculation, canopy segmentation,
zonal statistics, and raster processing

Python

Statistical analysis, correlation com-
putation, health classification, and vi-
sualization of vegetation index results

Microsoft Excel

Ground-truth SPAD data recording,
tabulation, and preliminary data orga-
nization.

JMP Pro

Advanced statistical analysis, regres-
sion modeling, correlation analysis,
and data visualization of vegetation
index and SPAD datasets.

DIJI GO 4 App

UAV flight control, camera settings
configuration, and real-time flight
monitoring.




Chapter 2: LITERATURE REVIEW

2.1 Maize and Its Importance

Maize (Zea mays L.) is a vital cereal crop globally, ranking third in total production
after wheat and rice [6]. Known as the “Queen of Cereals” due to its high yield po-
tential, maize serves as a primary staple for vulnerable populations and plays a crucial
role in global food security [6], [7]. However, maize is highly susceptible to water
stress, which remains a major constraint to productivity across diverse agro-ecological
environments [6]. Yield losses can exceed 80% when drought occurs during critical
reproductive stages such as flowering and grain filling [6], [7]. Moisture deficits during

rapid vegetative growth can also result in significant yield reductions of up to 40% [7].

2.2 UAYV and UAV-Based Imaging for Vegetation Indices

Unmanned Aerial Vehicles (UAVs) have emerged as high-throughput, flexible, and
cost-effective platforms for agricultural monitoring [8][9]. Compared to satellite re-
mote sensing, which is constrained by coarse spatial resolution and cloud interference,
UAVs provide centimeter-level high-resolution data at the farm scale [8], [10]. These
platforms can carry RGB, multispectral, and thermal sensors to capture narrow-band
reflectance data [10]. Such data are transformed into vegetation indices (VIs) to evalu-
ate plant moisture status, vigor, and overall crop health [10][11]. UAV-based imagery
further enhances understanding of intra-field variability and land cover dynamics [8],
[10].

2.3 Efficient Nutrient Management through Advanced Crop Moni-
toring Techniques

Particularly concerning nitrogen (N), is fundamental to global food security and sus-
tainable agriculture because it directly influences chlorophyll synthesis, photosynthetic
efficiency, and total grain yield [1], [12]. Proper management requires a delicate bal-
ance: while adequate N promotes vigorous canopy development and biomass accumu-
lation, excessive application leads to significant environmental degradation, including
nitrate leaching into groundwater, aquatic eutrophication, and increased greenhouse gas
emissions [1], [3], [12].

Despite its importance, traditional field-based methods for monitoring N status are of-
ten inadequate for modern precision agriculture. Manual ground measurements, such
as chemical chlorophyll analysis, are labor-intensive, time-consuming, and destructive

[4]. Even non-destructive tools like SPAD chlorophyll meters, while accurate, are in-



herently limited by their small measurement area and the requirement for point-based,
leaf-by-leaf sampling, which makes them inefficient for continuous, large-scale field
monitoring [1].

Satellite remote sensing offers broader coverage but often lacks the spatial and tem-
poral resolution required to track dynamic crop changes due to long revisit intervals
and interference from cloud cover [1], [13]. Consequently, there is a critical need
for scalable, non-destructive, and cost-effective monitoring solutions that can capture
the high degree of in-field heterogeneity [1], [14]. Unmanned Aerial Vehicle (UAV)
platforms equipped with standard RGB cameras have emerged as a vital alternative,
providing high-throughput data with centimeter-level resolution without the “tremen-
dous economic burden” of specialized multispectral or hyperspectral sensors [1]. By
establishing robust mathematical relationships between aerial vegetation indices and
ground-truth physiological measurements, researchers can enable precise, real-time nu-
trient management that optimizes productivity while minimizing environmental impacts

(1], [4].

2.4 Role of Chlorophyll in Plant Health Assessment

2.4.1 Relationship between Nitrogen and Chlorophyll Content

Nitrogen (N) is a key constituent of all living cells and is present in the structure of
chlorophyll, the green pigment of leaves. Leaf chloroplasts contain approximately 70%
of the total leaf nitrogen concentration, creating a strong positive correlation between
leaf N status and chlorophyll content. Nitrogen is also a critical component of the en-
zymes involved in chlorophyll synthesis; thus, an insufficient N supply directly results

in reduced chlorophyll concentration [12].

2.4.2 Chlorophyll as an Indicator of Crop Vigor and Productivity

Chlorophyll enables plants to transfer energy from sunlight through photosynthesis,
determining their photosynthetic capacity and overall physiological status. Variations
in leaf color caused by changes in chlorophyll content serve as a primary indicator of
plant nutrition, water availability, and senescence.[15] Because chlorophyll content is
closely related to maize grain yield and biomass accumulation, it is considered a vital

indicator of crop vigor and productivity [16].



2.5 SPAD Meter as a Ground Truth Measurement Tool

2.5.1 Working Principle of SPAD Meters

The SPAD-502Plus Chlorophyll Meter determines the relative chlorophyll content by
measuring leaf transmittance at two wavelength regions: red (650 nm), where chloro-
phyll absorption is high, and near-infrared (940 nm), which serves as a reference. The

resulting SPAD value reflects the “greenness” of the leaf [17].

2.5.2 Advantages (Accuracy, Simplicity)

The SPAD meter is widely recognized as a fast, non-destructive, and portable tool that
provides an accurate proxy for leaf chlorophyll and nitrogen status without requiring
labor-intensive chemical analysis. It allows for precise nitrogen management in field

conditions, reducing the risk of over-fertilization [17].

2.5.3 Limitations (Point-Based, Labor-Intensive)

Despite its accuracy, the SPAD meter is limited by its small measurement area (2 mm
X 3 mm), requiring operators to take readings leaf by leaf. This point-based sampling
makes the device inefficient for large-scale field monitoring and incapable of capturing

high spatial variability within fields.

2.5.4 Use of SPAD in Nitrogen Assessment Studies

SPAD values have been successfully used as a diagnostic tool for nitrogen fertilizer
management in crops such as wheat, rice, and maize. Studies indicate that SPAD read-
ings are highly sensitive to nitrogen application rates, with peak values typically ob-
served during critical growth stages such as jointing in wheat or grain filling in maize

[4].

2.6 UAV-Based Remote Sensing in Agriculture

2.6.1 Evolution of UAVs in Precision Agriculture

Unmanned Aerial Vehicles (UAVs) have significantly advanced remote sensing appli-
cations in agriculture due to technological developments and decreasing sensor costs.

They enable mapping of areas of interest with centimeter-level spatial accuracy [18].

2.6.2 Advantages of UAVs over Satellite Imaging

UAVs offer significant advantages over satellite platforms, including higher spatial and

temporal resolution, operational flexibility, and the ability to capture data under cloud
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cover. Unlike satellites, which are limited by long revisit intervals, UAVs can acquire

data on demand during critical phenological stages [18][19].

2.6.3 Applications in Crop Health, Stress Detection, and Yield Prediction

UAV imagery is widely used to estimate Leaf Area Index (LAI), plant height, biomass,
and yield. It is also effective for detecting biotic and abiotic stresses, such as water

deficiency and nutrient imbalances, enabling site-specific crop management [18].

2.7 RGB Imaging for Crop Monitoring

2.7.1 Characteristics of RGB Sensors (e.g., DJI Phantom 4)

Standard RGB cameras capture high-resolution images in the visible spectral bands
(Red, Green, and Blue). These sensors record information visible to the human eye,

allowing analysis of plant growth patterns, textures, and color intensity [5].

2.7.2 Comparison with Multispectral and Hyperspectral Sensors

While multispectral and hyperspectral sensors provide detailed spectral information,
particularly in the NIR and red-edge regions, they are often expensive and complex to
process. In contrast, RGB sensors offer higher spatial resolution and ease of use but

lack NIR sensitivity required for traditional vegetation analysis [1].

2.7.3 Cost-Effectiveness and Accessibility

Commercial RGB cameras provide a cost-effective alternative to advanced sensors,
making UAV-based monitoring accessible to smallholder farmers and researchers, par-

ticularly in developing countries [1].

2.8 Vegetation Indices Derived from RGB Images

2.8.1 Visible Atmospherically Resistant Index (VARI)

Theory and formula: VARI is calculated as (G —R)/(G+ R — B). It was developed to
estimate vegetation fraction with minimal sensitivity to atmospheric effects.

Sensitivity to chlorophyll and canopy structure: VARI responds directly to vegetation
fraction and is sensitive to chlorophyll concentration, making it a reliable indicator of

plant stress and productivity [1].



2.8.2 Other RGB-Based Indices

ExG (Excess Green Index): Calculated as 2G — R — B, it is widely used to distinguish
green vegetation from soil background.

GLI (Green Leaf Index): Calculated as (2G — R — B)/(2G + R+ B), it shows strong
correlation with chlorophyll content and nitrogen status.

NGRDI (Normalized Green-Red Difference Index): Defined as (G—R)/(G+R), it
highlights vegetation vigor but may be influenced by canopy structure.

These indices are essential for detecting nutrient-related stress and monitoring biomass

variations across growth stages [1], [5].

2.9 Correlation Between Vegetation Indices and SPAD Values

2.9.1 Previous Studies Linking RGB Indices with Chlorophyll/SPAD

Several studies have demonstrated that RGB-based vegetation indices are strongly cor-
related with SPAD values and chlorophyll content. Indices such as GLI and G-B have

shown significant relationships with SPAD measurements in crops like barley and wheat

[4].

2.9.2 Strength of Correlations under Different Conditions

Correlation coefficients between SPAD and RGB indices typically range from 0.70 to
0.80. However, these relationships can be influenced by UAV flight height, illumination

conditions, and image quality.

2.9.3 Gaps in Validation under Diverse Treatments

Most existing studies focus on qualitative stress detection rather than quantitative nitro-
gen estimation under complex nutrient management systems. There is a lack of vali-

dation under integrated treatments such as biochar combined with organic amendments

[1].

2.10 Impact of Nutrient Treatments on Crop Health

2.10.1 Role of Urea (RDN Concept) and Biochar

Standard nitrogen application (e.g., 100% RDN through urea) promotes vigorous crop
growth; however, excessive use can lead to environmental issues such as nitrate leach-
ing. Biochar application has been proposed as a sustainable strategy to improve soil

structure, enhance nutrient retention, and reduce environmental impacts [12].
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2.10.2 Organic Amendments (Cattle Urine, Human Urine)

Integrated nutrient management combining inorganic fertilizers with organic amend-
ments (such as urine-enriched biochar) can improve nitrogen use efficiency. Evaluating
these treatments requires understanding how different nutrient sources influence SPAD

values and spectral responses across treatments.

2.11 Machine Learning and Statistical Models for Crop Health Pre-
diction

2.11.1 Regression Models and ANOVA

Traditional statistical approaches, including linear and multiple regression, are widely
used to relate vegetation indices to physiological parameters. ANOVA is commonly ap-

plied to determine the significance of differences among nutrient treatments.

2.11.2 Machine Learning Approaches

Machine learning algorithms such as Random Forest (RF), Support Vector Machines
(SVM), and neural networks have demonstrated strong capability in modeling non-
linear relationships between spectral data and crop health. RF is particularly effective

due to its robustness against noise and multicollinearity [2], [20].

2.12 Research Gaps

There is a growing need for scalable, low-cost predictive models that can serve as al-
ternatives to expensive NIR-based systems. Current research lacks comprehensive val-
idation of RGB-derived indices as quantitative proxies for chlorophyll across multiple
growth stages and diverse nutrient treatments, particularly those involving biochar and
organic amendments. Establishing these relationships is essential for the practical im-

plementation of UAV-based precision agriculture [1].
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Chapter 3: THEORETICAL BACKGROUND

This section presents the key theoretical concepts that form the basis of the methods
used in this study. It explains the fundamental principles of UAV based remote sensing,
the working mechanism of RGB vegetation indices. It also describes the role of mor-
phological image processing in separating crop canopy pixels from the background. A
clear understanding of these concepts is essential for interpreting the analytical choices

made in the study and for properly understanding the results obtained.

3.1 Remote Sensing and UAV-Based Imaging

3.1.1 Principles of Remote Sensing

Remote sensing is the science of gathering information about objects or areas on the
Earth’s surface from a distance, without physically touching them, by detecting and
measuring electromagnetic radiation that is either reflected or emitted from the target.
The whole thing works because different materials interact with light in different ways
depending on the wavelength, some wavelengths get absorbed, some pass through, and
some bounce back. When light hits a surface, the incoming energy gets divided into

three parts according to the conservation of energy:

Ei(A) = Ex(A) + Ea(A) + E(R) 3.1)

where E;(A) is the incoming irradiance, E.(A) is the reflected portion, E,(A) is what
gets absorbed, and E, (1) is what passes through the material, all at a given wavelength
A. Remote sensing instruments are mainly concerned with the reflected portion E,(1),
because this is where the characteristic spectral fingerprints of different surfaces are

encoded.

3.1.2 Electromagnetic Spectrum and Vegetation Reflectance

The electromagnetic spectrum covers a continuous range of wavelengths, from short
gamma rays all the way to long radio waves. For agricultural remote sensing, the most
useful portions are the visible range (400-700 nm), the near-infrared range (700-1300
nm), and the shortwave-infrared range (1300-2500 nm), as these parts of the spectrum
carry the most useful information for characterizing vegetation. The way a healthy
green plant reflects light is shaped by three main physical and biochemical processes,

each operating across a different part of the spectrum:

i. Visible region (400-700 nm): In this range, the pigments inside leaves call the
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1l.

1il.

shots. Chlorophyll-a and chlorophyll-b soak up a lot of light in the blue (430-450
nm) and red (640-680 nm) portions because that light powers photosynthesis, so
reflectance is low at those wavelengths. Around the green part of the spectrum
(520-560 nm), chlorophyll absorption drops off and reflectance picks up this is
the so-called “green bump” that makes healthy plants look green to our eyes.
Carotenoid pigments also absorb in the blue region (400-500 nm) and become
more visible spectrally when chlorophyll breaks down, for instance during nitro-

gen deficiency or when plants start to senesce.

Red-edge region (680-750 nm): The red-edge is the sharp transition zone be-
tween the deep absorption trough in the red and the high-reflectance plateau in
the near-infrared. Because this transition shifts with chlorophyll content, the
red-edge is one of the most sensitive spectral features for estimating how much

chlorophyll a leaf contains.

Near-infrared region (750-1300 nm): Here, it is not the pigments but the physi-
cal structure of the leaf that determines reflectance. Healthy leaves have a spongy
layer of mesophyll cells that scatter near-infrared light in multiple directions in-
ternally, producing the characteristically high NIR reflectance that distinguishes

living vegetation from most other surfaces.

3.1.3 UAV Remote Sensing Platforms

Unmanned Aerial Vehicles (UAVs), more casually known as drones, have become pop-

ular remote sensing tools because they fill a gap between coarse satellite imagery and

labour-intensive ground-based measurements. For precision agriculture in particular,

UAVs offer several practical advantages that traditional aerial or satellite platforms sim-

ply cannot match:

L.

il.

iii.

Ultra-high spatial resolution: When flown at low altitudes, UAVs can capture
images with ground sampling distances of just a few centimetres, which is fine
enough to pick up variability at the level of individual plant rows or small research

plots.

Flexible deployment: UAVs can be set up and flown quickly whenever imagery

is needed, without having to wait for a satellite pass or arrange a manned aircraft.

Sub-cloud operation: Because UAVs fly below the cloud layer, they avoid the at-
mospheric interference that often makes satellite images unusable during critical

growth stages when timely monitoring matters most.
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iv. Cost effectiveness: A consumer-grade UAV with a standard RGB camera can
deliver high-quality aerial imagery at a fraction of what a manned survey or a

multispectral satellite subscription would cost.

3.2 RGB Vegetation Indices

3.2.1 Spectral Basis of RGB Indices

A standard RGB camera records image data across three broad bands: red (roughly
600-700 nm), green (roughly 500-600 nm), and blue (roughly 400-500 nm). These
broadband channels are not as spectrally precise as narrowband multispectral or hyper-
spectral sensors, but they still capture a fundamental contrast between healthy vegeta-
tion which reflects a lot in the green and absorbs heavily in the red and bare soil or other
non-vegetated surfaces, which tend to reflect more evenly across the visible range. RGB
vegetation indices take advantage of this spectral contrast by combining the R, G, and
B band values mathematically in ways that amplify the vegetation signal while pushing
down noise from soil, shadows, and varying lighting.

One thing that needs to be taken care of before calculating RGB indices is normalising
the band values to remove the effect of overall image brightness, which can shift de-
pending on the sun angle, atmospheric haze, or camera exposure settings. The standard

way to do this is to divide each band by the sum of all three:

R G B

r=mT TR & wiaim PTniom (3.2)
R+G+B R+G+B R+G+B

where r, g, and b are the normalised band values and R, G, B are the raw digital numbers
straight from the image. This step locks the index values within a fixed range and makes

results comparable across images taken under different lighting conditions.

3.2.2 Excess Green Index (ExG)

The Excess Green Index was introduced as a simple and quick way to separate green
vegetation from soil and other non-vegetated pixels in digital images. The formula

boosts the green channel and subtracts out both the red and blue channels:

ExG=2G—-R—-B (3.3)

The normalised version removes the effect of illumination:

ExGporm = ——— (3.4)



Normalised ExG values run from —1 to +1. Pixels with positive values have green-
channel dominance and are likely to be photosynthetically active vegetation, while neg-
ative values point to red or blue dominance typical of bare soil or non-vegetated areas.
ExG was mainly built for splitting vegetation from non-vegetation rather than quanti-
fying plant health once you are already looking at vegetation pixels, its sensitivity to
chlorophyll concentration is fairly limited compared to indices designed specifically for

health assessment.

3.2.3 Green Leaf Index (GLI)

The Green Leaf Index uses all three RGB channels in a normalised formula that is
structurally similar to ExG but gives a more balanced treatment to the red and blue

channels in the denominator:

GLI="—2"""°~ (3.5)

GLI ranges from —1 to 41 and is fully normalised, so values are directly comparable
between images taken under different ambient lighting. GLI and ExG share the same
numerator, meaning they respond in exactly the same way to the spectral gap between
the green channel and the average of red and blue. The only real difference is in the
denominator GLI’s version handles illumination variation slightly better. Like ExG,

GLI works well as a segmentation tool and shows moderate sensitivity to chlorophyll.

3.2.4 Normalized Green-Red Difference Index (NGRDI)

The Normalized Green-Red Difference Index is probably the most straightforward RGB
counterpart to NDVI. The idea is simply to swap the near-infrared band of NDVI for
the green band:

G—R

NGRDI = —— 3.6
G+R (36)

The logic behind this swap comes from how leaves behave spectrally: a healthy, chlorophyll-
rich leaf absorbs a lot of red light for photosynthesis while bouncing back relatively
more green light, so the green-minus-red difference is positive and tends to increase
with chlorophyll content. When nitrogen stress sets in and chlorophyll starts to break
down, red absorption drops, and the G-R difference shrinks or even turns negative.
NGRDI values are strictly between —1 and 41, and the index has been validated across

many crop species as a reasonably reliable indicator of leaf chlorophyll concentration

15



and nitrogen status.

3.2.5 Visible Atmospherically Resistant Index (VARI)

VARI was developed by Gitelson2002 as an improvement over the plain green-red ra-
tio, with the specific goal of reducing the distorting effect of atmospheric conditions
on RGB imagery captured from elevated platforms. It brings the blue band into the
denominator to partially correct for atmospheric scattering, which tends to affect short
blue wavelengths more strongly than the longer red and green wavelengths:

G—R

VARl = —— i
G+R—-B @-7)

Adding the blue band does two things at once: it helps correct for atmospheric scattering
by exploiting how differently the atmosphere scatters different visible wavelengths, and
it also makes the index sensitive to carotenoid pigments that absorb in the blue region
and become more prominent as chlorophyll degrades under nutrient stress. VARI val-
ues typically fall between —1 and +1, though the denominator can theoretically reach
zero, so a small stability constant needs to be added in the actual calculation to avoid
division errors. VARI has consistently outperformed other RGB indices for estimating
chlorophyll content and classifying nutrient status in multiple studies, and this was con-
firmed here as well it produced the highest correlation with SPAD measurements of all
the indices tested (r = 0.747, p < 0.001).

3.2.6 Triangular Greenness Index (TGI)

TGI was proposed by based on a geometric idea: if you pick three characteristic points
on a vegetation reflectance spectrum at the chlorophyll absorption peak in the red (670
nm), the green reflectance peak (550 nm), and a reference point in the blue (480 nm)
those three points form a triangle. The area of that triangle grows with chlorophyll
content because higher chlorophyll deepens the red absorption trough, which pulls that
point lower and expands the triangle. For RGB imagery, the triangle is approximated

as:

TGl =G —-0.39R—-0.61B (3.8)

The coefficients 0.39 and 0.61 come from the wavelength-based weighting that defines
the geometry of the original spectral triangle. Unlike normalised indices, TGI gives
values in raw pixel intensity units when applied to 8-bit imagery, meaning the absolute

numbers depend on the image scale. TGI was purpose-built for chlorophyll quantifica-
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tion and has been adopted as a standard RGB chlorophyll proxy by professional UAV

mapping software including Pix4D.

3.2.7 Normalized Pigment Chlorophyll Index (NPCI)

NPCI was originally formulated by Penueals1994 using narrowband hyperspectral re-
flectance at 680 nm and 430 nm to get at the ratio of total photosynthetic pigments to
chlorophyll:

Rego— R
NPCI = —80 — 7430 (3.9)

Rego + Ra30

The reasoning behind NPCI is that chlorophyll and carotenoids respond differently to
nitrogen limitation. When nitrogen runs short, chlorophyll which absorbs heavily at
680 nm breaks down faster than carotenoids, which absorb at 430 nm. This shifts the
680/430 nm reflectance ratio upward. So NPCI actually goes up as chlorophyll goes
down it is inversely related to chlorophyll content, unlike every other index in this study,
where higher values mean healthier vegetation.

When NPCI is adapted for RGB imagery using the broadband red channel (600-700
nm) and blue channel (400-500 nm) instead of the original narrowband wavelengths the
formula becomes:

R—B

PClrcp = 1
NPClrgs R+ B+0.0001 (3.10)

Swapping narrowband reflectance for broadband channel values substantially weakens
the index, because each broadband channel mixes together both chlorophyll-sensitive
and chlorophyll-insensitive wavelengths, blurring the spectral signal that NPCI was

originally designed to detect.

3.3 SPAD Chlorophyll Measurement

3.3.1 Principle of SPAD Measurement

The SPAD-502 chlorophyll meter (Minolta, Japan) works by shining light through a
leaf at two wavelengths and measuring how much gets through. One wavelength is
650 nm, which sits right in the main chlorophyll absorption band the more chlorophyll
present, the less light passes through. The other is 940 nm, a near-infrared reference
wavelength where the leaf’s optical behaviour does not change with chlorophyll content
Minoltal989. The SPAD value is then calculated as:
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Toay/To
SPAD = k x log (M)

(3.11)
Iss0/ Tss0

where lyyo and Igs50 are the reference intensities of the light source, To49 and Tgso are
the intensities measured after the light passes through the leaf at 940 nm and 650 nm
respectively, and k is a calibration constant specific to the instrument. The output is a
dimensionless number that correlates positively with leaf chlorophyll content, giving a

fast and non-destructive estimate without the need for any chemical extraction.

3.3.2 SPAD as a Nitrogen Proxy

In crops like maize, most of the nitrogen in a leaf ends up locked inside chlorophyll
molecules and other parts of the photosynthetic machinery . Because of this, how much
chlorophyll a leaf contains tracks closely with how much nitrogen it has, making SPAD
a convenient non-destructive indicator of nitrogen status. Schepers showed that SPAD
readings below around 45 in fully expanded maize leaves during vegetative and re-
productive growth stages are a sign of nitrogen deficiency that needs attention, while
readings above this level suggest the plant is getting enough nitrogen. This threshold
has been widely used in maize nitrogen management research since then, and it was

used as the main classification boundary in the current study.

3.4 Image Processing for Canopy Segmentation

3.4.1 Vegetation Segmentation

Before vegetation index values can be reliably extracted from UAV imagery, the veg-
etation pixels need to be separated from everything else in the image bare soil, crop
residue, shadows, and field edges all need to be excluded. This step is called vegetation
segmentation. If it is skipped or done poorly, the index statistics for a given plot will
be systematically biased, because soil and shadow pixels have very different spectral
behaviour from vegetation and will pull the mean index values down. The typical ap-
proach is to apply a threshold to a vegetation index most commonly ExG and use it to

produce a binary mask that marks pixels as either vegetation or non-vegetation.

3.4.2 Morphological Image Processing

Morphological image processing is a family of spatial filtering operations that work
on the geometric structure of binary or grayscale images, using a small shape called a
structuring element to define how the operation modifies nearby.

In this study, the Sieve filter in QGIS was used to carry out this clean-up step. It removes
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any isolated clusters of vegetation pixels that fall below a set minimum size, which
effectively performs an opening operation to get rid of noise-driven false positives in

the vegetation classification.

3.5 Statistical Analysis Framework

3.5.1 Pearson Correlation Analysis

Pearson’s product-moment correlation coefficient (r) is a measure of how strongly and
in what direction two continuous variables are linearly related. For n paired observa-

tions of variables X and Y, it is defined as:

R -X)X-T)
VL (X~ X X (G- T2

where X and Y are the sample means of X and Y respectively. The value of r runs from

(3.12)

—1 (a perfect negative linear relationship) to +1 (a perfect positive linear relationship),
with » = 0 meaning no linear association at all. Squaring r gives the coefficient of
determination R = r2, which can be interpreted as the share of variance in one variable

that is accounted for by the other.

3.5.2 One-Way Analysis of Variance (ANOVA)

One-way Analysis of Variance (ANOVA) is a statistical method used to determine
whether there are significant differences between the means of three or more indepen-
dent groups. It compares the variance between groups to the variance within groups.

For k groups and a total of N observations, the F-statistic is defined as:

MSbetween
F=—"" 3.13
MSwithin ( )
where
k % v\2
coni(X—X
MSpetween = Zl_l kl(_ll ) (3.14)
YE X (X — X))
MSyithin = — 121 Ky~ X) (3.15)

N—k
Here, X; is the mean of the i-th group, X is the overall mean, #; is the number of observa-

tions in group 7, and X;; represents individual observations. A higher F-value indicates

a greater likelihood that at least one group mean is significantly different.
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3.5.3 Correlation Analysis

Correlation analysis is a statistical technique used to measure the strength and direction
of the relationship between two continuous variables. It helps in understanding how
changes in one variable are associated with changes in another variable.

The most commonly used measure is the Pearson product-moment correlation coeffi-

cient (r), which is defined as:

R -X)-T)
VEL (X~ X)X (G- 7)?

(3.16)

where X; and Y; are the individual observations, X and Y are the sample means, and 7 is

the number of paired observations. The value of r ranges from —1 to +1, where:
* r =41 indicates a perfect positive linear relationship,
* r= —1 indicates a perfect negative linear relationship,
* r = 0 indicates no linear relationship.
The strength of correlation can be interpreted as:
* 0.0 —0.3: weak correlation
* 0.3 —0.7: moderate correlation
* 0.7 —1.0: strong correlation

The coefficient of determination (R?) is obtained by squaring the correlation coefficient:
R*=/? (3.17)

R? represents the proportion of variance in the dependent variable that can be explained
by the independent variable. In crop monitoring studies, correlation analysis is widely
used to evaluate the relationship between vegetation indices (e.g., VARI, ExG) and

ground-based measurements such as SPAD values.

3.5.4 Linear Regression Analysis

Linear regression is used to model the relationship between a dependent variable Y and
one or more independent variables X. In simple linear regression, the relationship is
expressed as:

Y=PB+pX+e (3.18)

where [ is the intercept, B; is the slope coefficient, and € is the error term. The model

aims to minimize the difference between observed and predicted values, typically using

20



the least squares method. The coefficient of determination (R?) is used to evaluate the

model performance:
L 1)
Y(¥i—Y)?

where ¥; are predicted values and Y is the mean of observed values.

RP=1— (3.19)

3.5.5 Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) is a widely used metric to evaluate the accuracy of a

predictive model. It measures the average magnitude of the prediction error.

(3.20)

where ; represents observed values and ¥; represents predicted values. Lower RMSE

values indicate better model performance.

3.5.6 Normalized Root Mean Square Error (NRMSE)

Normalized Root Mean Square Error (NRMSE) is a normalized version of RMSE that

allows comparison across different datasets or scales.

RMSE
NRMSE = ——— (3.21)
Ymax _Ymin

Alternatively, it can also be normalized by the mean:

NRMSE = I%SE (3.22)

where Ynax and Yy, are the maximum and minimum observed values, respectively, and
Y is the mean of observed values. NRMSE provides a scale-independent measure of

model accuracy.

3.5.7 Zonal Statistics

Zonal statistics is a spatial analysis technique that summarises raster pixel values within
user-defined spatial zones, which are usually represented as polygon features in a vector
layer. For each zone polygon Z;, the mean value across all valid pixels inside it is

computed as:
N;

1
v = ﬁ; (3.23)

where 7; is the mean raster value for zone Z;, N; is the number of valid (non-NoData)

pixels inside that zone, and v;; is the value of the j-th pixel within it. In this study, zonal
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statistics is the main tool used to convert the spatially continuous raster index maps
into a single summary number for each experimental plot, which can then be compared

against the field measurements.

22



Chapter 4: METHODOLOGY
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Figure 4.1: Detail flowchart of the project Methodology

The methodology adopted in this study was structured as a comprehensive, multi-
stage integrating UAV-based aerial data acquisition, photogrammetric image process-
ing, geospatial vegetation index analysis, machine learning-based classification, and
rigorous ground-truth validation. The complete workflow, illustrated in Figure: 4.1,
was systematically designed to ensure scientific reproducibility, spatial accuracy, and
analytical robustness at every stage of the process. Each phase of the methodology

was carefully sequenced to build upon the outputs of the preceding stage, establishing
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an end-to-end pipeline from raw aerial imagery acquisition to the final identification
and localization of nutrient sufficient and deficient zones within the experimental maize
field.

4.1 Problem Identification and Literature Review

The methodology began with a detailed and careful review of existing scientific liter-
ature related to UAV-based precision agriculture, RGB vegetation indices, crop health
monitoring, and chlorophyll-based methods for assessing plant nutrients. A systematic
review of journal articles, conference papers, and technical reports was carried out to
identify the most reliable and commonly used RGB based vegetation indices for moni-
toring crop health, especially in situations where multispectral sensors are not available.
This extensive literature review helped in selecting the six vegetation indices used in this
study: ExG, GLI, NGRDI, VARI, TGI, and NPCI. It also provided a strong theoreti-
cal and practical foundation for applying these indices to assess the nutrient status of
maize crops. Furthermore, the review process made it possible to identify important
research gaps in the Nepalese agricultural context, particularly the lack of well-tested
RGB-based crop health monitoring methods that are suitable for local agro-climatic
conditions. Recognizing these gaps played a key role in shaping the specific objectives

and direction of this study.

4.2 Field Preparation and Experimental Setup

Before starting the aerial data collection campaigns, detailed field preparation work was
carried out in close coordination with Nepal Agricultural Research Council (NARC)
and GeoKrishi. The experimental maize field at Khairahani, Chitwan was prepared us-
ing standard agricultural practices in close coordination with the agricultural experts.
This included multiple rounds of ploughing to create a fine and uniform soil structure,
removal of crop residues and weeds, proper levelling of the field, and the application
of well-decomposed farmyard manure. The experimental setup was designed using a
Randomized Complete Block Design (RCBD). It consisted of 24 plots arranged in four
replications, with six different nitrogen treatments. These treatments covered a wide
range of nitrogen application methods, starting from a control plot with no nitrogen in-
put to various combinations of urea, biochar, and organic nitrogen sources.

Using the RCBD design helped ensure that the effects of different treatments could be
clearly distinguished from natural variations in the field, such as soil or environmen-
tal differences. This provided a strong and reliable scientific basis for comparing the
performance of different vegetation indices with actual ground measurements collected

during the study.
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Figure 4.2: Field setup

4.2.1 Study Area

The experiment was conducted at the research farm of IAAS, Rampur Campus, Chitwan

(213m AMSL) under subtropical conditions suitable for maize cultivation.

4.2.2 Experimental Details

The experiment was carried out in a Randomized Complete Block Design (RCBD) with
six treatments and four replications. Each plot measured 3m x 3m with 1 m spacing

between plots and blocks. Crop geometry of 60cm x 25 cm was maintained.

4.2.3 Recommended Dose of Fertilizer (RDF)

The recommended fertilizer dose was 180 : 60 : 60 kg N:P,0s:K,0 ha~!. Nitrogen
(180 kg ha—!) was applied through urea, with one-third (60 kg ha—!) as basal dose and
the remaining two-thirds (120 kg ha~!) applied in two equal splits at knee height and

tasseling stages.
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4.2.4 Test Crop and Agronomic Practices

Rampur Hybrid-12 maize was used as the test crop. Two seeds per hill were sown and
thinned to one plant at V2 stage(Stage of emergence of 2 leaves). Standard agronomic

practices were followed uniformly across all plots.

4.3 UAV Acquisition and Familiarization

The DJI Phantom 4 Pro V2.0 quadcopter UAV platform was acquired through institu-
tional collaboration with GeoKrishi, a leading precision agriculture technology organi-
zation based in Nepal, for the purpose of systematic RGB aerial image acquisition over
the experimental maize field. Prior to conducting operational mapping flights, a com-
prehensive familiarization and training phase was undertaken to ensure the technical

proficiency and operational readiness of the project team.

The familiarization program encompassed a series of progressive training flights con-
ducted at an open test site, systematically advancing from basic manual flight opera-
tions to fully autonomous mission execution. Training activities included manual flight
mode operation under varying wind and lighting conditions, autonomous waypoint-
based mission planning using the DJI GO 4 application, pre-flight checklist procedures,
in-flight monitoring of telemetry parameters including battery status, altitude, and GPS
signal integrity, as well as emergency procedure drills covering return-to-home activa-
tion, forced landing protocols, and signal loss response. Basic hardware troubleshoot-
ing, including propeller inspection, gimbal calibration, compass calibration, and IMU

initialization, was also practiced systematically during this phase.

This structured familiarization period was instrumental in developing the team’s com-
petence in UAV handling, mission planning optimization, and real-time flight decision-
making under field conditions. The experience gained during this phase directly con-
tributed to the efficient and safe execution of subsequent data acquisition campaigns
over the agricultural field at the NARC facility, Chitwan, where consistent flight pa-
rameters, image quality, and spatial coverage were critical to the integrity of the aerial

dataset.

4.4 UAV Calibration and System Preparation

Before starting any flight mission, detailed pre-flight calibration and system checks
were carried out to ensure that the UAV system was fully ready and capable of collect-
ing accurate data. The DJI Phantom 4 pro V2.0 quadcopter was carefully inspected,
including checking the condition of the propellers, calibrating the gimbal for stable

imaging, examining the electronic speed controllers, assessing battery health and ca-
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pacity, and inspecting the overall structure of the drone.

The onboard RGB camera was also checked thoroughly. This included ensuring the
lens was clean, adjusting exposure settings based on current lighting conditions, and
setting the white balance properly to maintain consistency in image quality and color

across all captured data.

In addition, essential system calibrations such as compass calibration, Inertial Mea-
surement Unit (IMU) initialization, and GPS signal verification were performed before
every flight. These steps were necessary to ensure accurate positioning, stable flight

performance, and reliable autonomous operation during each mission.
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Figure 4.3: Calibration image for camera.

.

Figure 4.4: Camera Calibration.

4.5 Mission Planning

Before each data collection campaign, autonomous flight missions were carefully planned
and set up using the DroneDeploy mission planning software. The flight settings were
thoughtfully adjusted for each field, taking into account its size, shape, surrounding
landscape, nearby obstacles, and the current weather conditions. The UAV was pro-
grammed to fly in a systematic back and forth zigzag pattern, similar to mowing a lawn,
which ensured that the entire field was covered completely and evenly without leaving

gaps, and without needing manual control during the flight.

The overlap between images was always set to high levels in both the forward flight
direction and the side-to-side direction(i.e 80% front and side overlap). This provided
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plenty of redundant image data, which is important for creating accurate 3D models and
seamless orthomosaic maps. All flights were scheduled around midday when sunlight
was strongest. This minimized the presence of shadows that could distort the images

and helped maintain consistent brightness and color across all photographs.

It is also important to note that this study involved mapping multiple field sites, each
in a different location, with varying sizes, crop types, and terrain features. Because of
these differences, the flight altitude of the UAV was adjusted for each site. These ad-
Jjustments were based on the field’s characteristics, safety requirements, and the desired
level of detail needed to clearly see important crop features. By customizing the flight
settings for each location, we ensured that the images from all field sites were consistent
in terms of quality and spatial resolution, despite the differences in size, crop type, or

terrain.

4.5.1 Path Planning and Grid Creation

Before the drone takes off, its flight path is planned to make sure it covers the whole
agricultural field. The field is split into evenly spaced strips, and the drone flies back

and forth in a zig-zag pattern along these strips.

During the flight, the drone keeps a steady altitude and speed, taking pictures with about
80% overlap from front to back and 80% from side to side.

During the flight, the UAV mounted RGB and thermal cameras capture images simul-
taneously along the planned grid path, with timestamps and GPS coordinates logged.

image width

image
height
side
overlap
frontal
overlap

Figure 4.6: Data Acquisition executed

Figure 4.5: Image Acquisition plan
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4.5.2 Acquisition of RGB Images

Aerial image collection was carried out autonomously, following the pre-planned mis-
sion created in advance. The DJI Phantom 4 UAV maintained steady altitude, speed,
and heading throughout each flight, ensuring precise and consistent data capture. Its on-
board camera(20MP) continuously took high-resolution photographs at carefully timed
intervals along the designated flight path. This systematic approach allowed the UAV
to cover the entire field completely, producing dense and overlapping image coverage
for accurate mapping. Each photograph automatically recorded its GPS location and a
synchronized UTC timestamp within the EXIF metadata. This ensured that every image

was accurately georeferenced without needing any external ground control points.

The study included multiple mapping campaigns conducted at different field locations.
The process began with familiarization flights at open, easily accessible sites and grad-
ually progressed to full-scale operational mapping over more complex experimental
fields. Each campaign generated a large collection of georeferenced, high-resolution
RGB images. Together, these images formed the primary raw dataset used for later

photogrammetric processing and detailed geospatial analysis.

Key flight parameters include:

1. Altitude: Depending on sensor resolution and desired Ground Sample Distance
(GSD).

ii. Image Overlap: 80% frontlap and 80% sidelap to support orthomosaic recon-

struction

iii. Flight Time: Scheduled between 12:00 AM and 2:00 PM to ensure consistent

solar irradiance and accurate multispectral readings.

Each image 1s tagged with the exact captured time and GPS location. This ensures that

every image can be matched to its location in the field.

4.6 Controlled field Environment

This image illustrates a Randomized Complete Block Design (RCBD) for a field exper-
iment aimed at evaluating different nitrogen and biochar fertilization strategies. Later

these data are used for field validatioin of UAV derived results.
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Figure 4.7: Maize Field
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Data Processing

4.7 Orthomosaic Map Generation

After each flight, image datasets that passed quality checks were processed in DroneDe-
ploy to generate georeferenced, radiometrically consistent orthomosaic maps. The pro-
cessing workflow included: automatic image alignment and tie point generation via
SfM, reconstruction of a dense 3D point cloud using multi-view stereo, and creation of
a digital surface model (DSM) capturing field topography and crop canopy structure.
Orthomosaics were produced by geometrically projecting and stitching all images onto
a common ground plane, with corrections applied for camera lens distortions, terrain
displacement, and perspective differences to ensure spatial and photometric accuracy.
For each site, the orthomosaic was exported as a four-band GeoTIFF (UTM Zone 45N,
EPSG:32645), serving as the primary dataset for all subsequent geospatial analyses and

vegetation index calculations in QGIS.

4.8 Image Segmentation using python

To separate the leaf regions of maize from field photos taken at a height of three me-
ters, a unique multi-evidence picture segmentation pipeline was created in Python using
OpenCV. To address outdoor light fluctuation and visual resemblance between maize
and surrounding vegetation, four distinct evidence streams vegetation spectral indices,
HSV color gating, texture smoothness, and CIE L*a*b* chromaticity are combined
rather than depending on a single threshold. Every image generates two outputs: a bi-
nary segmentation mask (_mask .png) with values of 0 (background) or 255 (maize)
and a color-masked image (_maize.png) where verified maize pixels maintain their

original color and all background is changed to pure black (RGB: 0,0,0).

4.8.1 Vegetation Spectral Indices

Three indices are computed pixel-wise on float32 R, G, B arrays:

ExG=2G—-—R-B 4.1
—R
VARI:G— 4.2)
G+R—-B
2G—R-B
GLl = —/—— 4.3
2G+R+B (4.3)

Before a pixel is kept under a majority voting rule, at least two of the three indices must

surpass their threshold. This lowers the number of false positives from any one index
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reacting to surfaces that aren’t vegetated, such moist soil.

4.8.2 Stream 2: HSV Color Gate

The HSV color space separates color information (Hue and Saturation) from intensity
(Value), making it robust for outdoor maize segmentation under varying lighting. Green
maize leaves fall within the hue range 22-88, while near-grey soil and other background
elements are removed using a saturation lower bound of 35. Very dark areas, such as
shadows, are excluded with a minimum value of 90. These thresholds were chosen
empirically from field images to balance sensitivity and specificity. Applying the HSV
gate reduces false positives while retaining most maize leaf pixels. The resulting mask
is then combined with outputs from spectral indices and texture smoothness streams to

improve segmentation accuracy.

Table 4.1: HSV Thresholds used for maize leaf segmentation

Channel Lower | Upper

Hue (H) 22 88
Saturation (S) 35 220

Value (V) 90 255

4.8.3 Texture Smoothness

Maize leaf blades are generally smoother and more uniform than surrounding grass and
soil, which tend to have rough and irregular textures. To capture this difference, local
texture is analyzed using the standard deviation of grayscale intensity within a 15 x 15

pixel sliding window.

local_std = / Elx?] — (E[x])? 4.4)

This measure quantifies the variation in pixel intensity within the window. Lower
values indicate uniform regions (smooth surfaces like maize leaves), while higher val-
ues correspond to rough and heterogeneous areas such as soil and grass. The selected
window size balances noise reduction and spatial detail preservation. Based on em-
pirical tuning, pixels with local_std < 28 are classified as smooth and retained. This
step helps eliminate high-texture background regions, thereby improving segmentation

accuracy and reducing false positives in maize detection.
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4.8.4 L*a*b* Green Axis

Positive values are red and negative values are green when the a* channel is extracted
a* = 128. Pixels that meet a* < —8 are kept. This stage is robust to uneven field
illumination because it is luminance separated and can identify green tissue regardless

of brightness.

4.8.5 Multi-Evidence Fusion

All four binary masks are combined using bitwise AND:

combined = index_mask N HSV_mask N Lab_mask N texture_mask

In order to maximize precision while allowing for a slight recall reduction at leaf bound-
aries, a pixel is only classified as maize if all four evidence streams agree at the same

time.

4.8.6 GrabCut Refinement

The filtered mask initialises GrabCut (cv2 .grabCut), which fits Gaussian Mixture
Models to foreground and background distributions over 5 iterations to refine bound-
aries at sub-pixel precision. Pixels with HSV Value < 40 are hard assigned as definite
background (GC_BGD). If GrabCut fails on a degenerate image, the Stage 8 mask is
used directly as a fallback.

4.8.7 Spatial Grid Division

Each segmented image is divided into a 8 x 8 grid, producing 8 x 8 = 64 tiles per image.

The tile dimensions are computed dynamically from the image resolution:

image_width

tle width = = 4.5)
image_height
tile_height = %. (4.6)

For every tile, computation is limited to the non-black pixels in that tile region. Tiles
that fall completely on the background or have fewer than a certain number of valid
pixels are rejected and excluded from the feature set. By doing this, feature values are

guaranteed to reflect real maize tissue.
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Three machine learning classifiers, including a Random Forest model, are created and
assessed for the binary classification of maize plots as nutritionally sufficient (label
= 1) or deficient (label = 0) after spectral characteristics are extracted from segmented
maize images. Vegetation indices calculated from verified maize pixels are used for
classification at the pixel level. Since undetected nutrient deficiencies have immediate

agronomic consequences, the deficient class is always considered the critical class.

4.8.8 Input Features

Four vegetation indices calculated from each segmented image’s non-black pixels make
up the input feature vector for each pixel. Although they are not used directly as classi-

fier inputs, raw R, G, and B channel values are recorded for statistical reference.

All models use the following four features: Here, € = 1 X 10~ is added to denominators

to prevent division by zero. Each pixel produces one feature vector
[ExG, VARI, NGRDI, GLI|

with its corresponding class label (nutritionally sufficient or deficient).

4.8.9 Train/Test Split

The full pixel dataset is randomly shuffled and divided using an 80/20 split:
* Training set: 80% of all pixels, used for model fitting.
* Test set: 20% of all pixels, held out exclusively for evaluation.

No data augmentation is applied at this stage, as the pixel-level dataset is sufficiently

large based on the available images.

Table 4.2: Random Forest Hyperparameters and Justifications

Parameter Value Justification

n_estimators 500 Large ensemble reduces variance

max_depth None Trees grown fully; pruning via leaf con-
straints

min_samples_split | 4 Prevents splits on very small nodes

min_samples_leaf | 2 Minimum leaf size for generalisation

max_features sqrt Standard for classification tasks

class_weight balanced | Compensates for class imbalance auto-
matically

random _state 42 Reproducibility

n_jobs -1 All available CPU cores used
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4.9 Tile-Based Prediction for New Images

For prediction on new images, each image is divided into a 30 x 30 spatial grid. Tile

dimensions are computed dynamically as:

image_width image_height

tile_width = 30 , tile_height = 30

For each tile, black pixels are excluded and the mean of each index [ExG, VARI,
NGRDI, GLI] is computed across valid pixels. Tiles where all pixels are black are
assigned NaN and dropped before prediction. The trained Random Forest model pre-
dicts a binary label per tile. The image-level classification is determined by the mean

of all tile predictions:

) o Deficient  if ijjes < 0.5
Final prediction =
Sufficient if Jjjes > 0.5

4.10 Evaluation Metrics
All models were evaluated on the held-out 20% test set using the following metrics:

i. Confusion matrix - visualizes true positives, true negatives, false positives, and

false negatives for each class.
ii. Precision (weighted) - proportion of positive predictions that are correct.
iii. Recall (weighted) - proportion of actual positives correctly identified.

iv. F1 score (weighted) - harmonic mean of precision and recall, balancing both

metrics.

v. Classification report - per-class breakdown of precision, recall, F1, and support.

All graphs and confusion matrices for the machine learning models are generated and

reported in the output.

4.11 Output

4.11.1 Confusion Matrix

From this Confusion matrix:
» 108 samples were correctly classified as deficient (True Positives)

* 89 samples were correctly classified as sufficient (True Negatives)
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Confusion Matrix — Random Forest (8x8 Grid)
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Figure 4.9: Confusion Matrix

* 6 samples of deficient class were misclassified as sufficient (False Negatives)
* 12 samples of sufficient class were misclassified as deficient (False Positives)

The total number of test samples was 215, consisting of 114 deficient and 101 sufficient
samples. Our model achieved an overall accuracy of 91.6%,indicating high prediction
correctness. The precision for the deficient class is 90%, meaning that most predicted
deficient samples were accurate. The recall was 94.7%, showing that the model success-
fully identified the majority of actual deficient plants. The F1-score of 92.3% reflects a

good balance between precision and recall.

4.11.2 Feature Importance

Three indices ExG, VARI, and NGRDI that enhance plant greenness and minimize
lighting impacts were computed in order to extract vegetation properties from RGB
photos. A total of 192 features that capture both spectral and spatial information were
produced by dividing each image into an 8x8 grid and calculating the mean value of
each index within each cell. The importance of each characteristic was then assessed
using a machine learning model, which showed that some features contribute to predic-
tions more strongly than others. The findings indicate that regional vegetation patterns
are more significant than general averages, with some grid sections being more infor-

mative than others.
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Figure 4.10: Feature Importance
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Figure 4.11: Scatter Plot : ExG vs VARI

The two vegetation indicators, ExG and VARI , are compared in this scatter plot to
demonstrate their relationship to plant health, which is classified as ”Sufficient” (green

dots) or "Deficient” (red dots). The majority of sufficient, healthy plants cluster together
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in a middle range of values, with VARI between 0.28 and 0.35 and ExG between 90 and
110. This implies that the greenness of these plants is stable and healthy. The deficient
plants, however, are more dispersed. Some look dispersed with typically lower values,
indicating that their vegetation may be stressed or less vigorous, while others show

greater ExG values but lower VARI scores.
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Figure 4.12: Scatter Plot : ExG vs NGRDI

This scatter plot, which is separated into ”’Sufficient” (green dots) and “Deficient”
(red dots) groups, contrasts two vegetation indices ExG and NGRDI to show how they
relate to plant health.The healthier plants tend to cluster in the intermediate range, with
NGRDI values between 0.15 and 0.22 and ExG values between 90 and 110. This indi-
cates that the green and red reflectance of these plants is well-balanced, a characteristic
of healthy vegetation. The deficient plants, on the other hand, are spread out and fre-
quently demonstrate higher ExG values above 110, but their NGRDI values are more

variable and occasionally lower, suggesting that they may be under stress or less active.
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Figure 4.13: Scatter Plot : VARI vs NGRDI

This graph shows a scatter plot illustrating the relationship between the Visible At-
mospherically Resistant Index (VARI) and the Normalized Green-Red Difference Index
(NGRDI) across plant samples classified as either nutritionally sufficient or deficient.A
strong positive linear correlation between VARI and NGRDI, indicating that both in-
dices capture similar spectral characteristics of vegetation. However, despite this corre-
lation, the scatter plot demonstrates a considerable overlap between the sufficient and
deficient sample groups across the majority of the value range, particularly within VARI
values of 0.15 to 0.35.
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4.12 Index calculation Using QGIS

QGIS stands for Quantum Geographic Information System. It is one of the most widely
used GIS platforms in both academic research and professional practice, offering a com-
prehensive suite of raster and vector processing tools accessible through an intuitive
graphical interface as well as through Python scripting. Different indices were calcu-
lated using QGIS( free, open-source Geographic Information System (GIS) application
that allows users to create, edit, visualize and analyze geospatial data). QGIS is main-
tained by the Open Source Geospatial Foundation (OSGeo).

Following the acquisition of the orthomosaic map from DroneDeploy, the data was
imported into QGIS for advanced geospatial analysis. To ensure the accurate calcula-
tion of vegetation indices, a series of standardized processing steps were executed in

chronological order.

4.12.1 Data Preparation

The orthomosaic generated from aerial image processing was loaded into QGIS 3.x as
a four-band GeoTIFF file, with spectral bands assigned as Red (Band 1), Green (Band
2), Blue (Band 3), and Alpha (Band 4).The coordinate reference system was verified as
UTM Zone 45N (EPSG:32645), with an approximate ground sampling distance (GSD)
of 2-3 cm per pixel, covering around 1882 m” experimental maize field at, Chitwan,

Nepal.

4.12.2 Vegetation Segmentation and Canopy Masking

To ensure that vegetation indices were computed exclusively from maize canopy pixels,
a canopy segmentation workflow was implemented in QGIS prior to index calculation.
The Normalized Excess Green Index (ExGporm) was first computed using the QGIS
Raster Calculator. To eliminate sensitivity to illumination variation and image bright-
ness, the normalized formulation was adopted.

A binary vegetation mask was subsequently generated by applying a threshold of zero to
the normalized ExG output, classifying pixels as vegetation (value = 1) where ExGyorm
> 0, and non-vegetation (value = 0) elsewhere. Morphological cleanup was applied
using the Sieve tool with a minimum cluster size of 5-10 pixels to remove isolated
noise pixels and spurious classifications. The original four-band GeoTIFF was then
clipped using the Clip Raster by Mask Layer tool, retaining only pixels classified as
maize canopy, with all remaining pixels assigned as NoData to prevent their inclusion

in subsequent analyses.
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Figure 4.14: Unmasked Orthomosaic Figure 4.15: Masked Orthomosaic

4.12.3 Vegetation Index Calculation
Normalized Excess Green Index (ExG)

The Normalized Excess Green Index was originally developed for vegetation segmen-

tation. Its standard formulation is:

ExG=2G—-R-B “4.7)

The threshold of ExG>20 was used to separate the soil pixel and maize canopy, maize
canopy being 1 and soil pixel being 0. The normalized form adopted in this study
eliminates sensitivity to overall image brightness:

2G—-R-B

ExGrorm — 48
Ko = B G T B+0.0001 4.8)

Values range from —1 to +1, where positive values indicate green-dominant vegetation
pixels and negative values correspond to soil or non-vegetated surfaces.
Green Leaf Index (GLI)

The Green Leaf Index uses all three visible bands to quantify green vegetation.

To prevent division by zero, the formula implemented in QGIS was:

B 2G—R—-B
- 2G+R+B+0.0001

GLI 4.9

GLI values range from —1 to +1. Higher positive values indicate healthy green veg-
etation, while negative values correspond to bare soil or non-vegetated areas. Later,
the layer GLI layer was masked only for maize pixel using the threshold ExG layer(i.e

Maize = 1, Soil = 0). First the nodata value of O was assigned. Then the final output for
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maize showed GLI index for maize but nodata for soil pixels.

Normalized Green-Red Difference Index (NGRDI)

The Normalized Green-Red Difference Index also referred to as Pseudo-NDVI, quanti-
fies green dominance relative to red reflectance.
The formula implemented in QGIS incorporating the zero-division safeguard is:

G—R

NGRDI = 4.10
G+ R~+0.0001 (4.10)

NGRDI values range from —1 to +1. Positive values indicate vegetation where green
reflectance exceeds red, while values near zero or negative correspond to soil and non-

vegetated surfaces.

Visible Atmospherically Resistant Index (VARI)

VARI was developed by to estimate green vegetation fraction from RGB imagery while
partially correcting for atmospheric effects through inclusion of the blue band in the
denominator. Since the denominator (G + R — B) can equal zero at certain pixel combi-
nations, the following modified formula was implemented in QGIS:

G—R

VARI = 4.11
G+R—B+0.0001 4.11)

VARI values typically range from —1 to +1. Higher positive values correspond to
healthy dense vegetation, while lower or negative values indicate bare soil or stressed
vegetation. Among all tested indices, VARI demonstrated the strongest correlation with
ground-truth SPAD chlorophyll measurements (r = 0.73,

Triangular Greenness Index (TGI)

TGI was developed by based on the triangular area formed by spectral reflectance at

670 nm, 550 nm, and 480 nm, approximated using RGB bands as:

TGl =G —-0.39R—-0.61B (4.12)

Unlike normalized indices, TGI is expressed in raw pixel intensity units when applied
to 8-bit RGB imagery (band values (0-255). No zero-division risk exists in this formu-

lation, so the formula was implemented directly in QGIS without modification.

Positive TGI values indicate the presence of green vegetation. For healthy maize canopy
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with raw 8-bit pixel values, typical TGI values range from 30 to 80. In this study, TGI
values ranged from 50.92 to 57.67 across all 24 experimental plots, consistent with

healthy maize at the reproductive to maturation growth stage.

Normalized Pigment Chlorophyll Index (NPCI)

NPCI was originally formulated by using hyperspectral reflectance at 680 nm and 430
nm as:

Reso — R
NPCJ = 080 — 7430 (4.13)

Rego + Ra30

Since hyperspectral bands are unavailable in standard RGB sensors, an RGB approxi-
mation was adopted in this study, substituting the broadband red and blue channels:
R—B

NPClrgp = 4.14
RGB = R T B10.0001 (4.14)

NPCI values range from —1 to +1. Unlike other greenness indices, NPCI exhibits an
inverse relationship with chlorophyll content higher NPCI values correspond to greater
carotenoid-to-chlorophyll ratios indicative of nitrogen stress, while lower values indi-
cate higher chlorophyll concentration and healthier vegetation. In this study, RGB-
approximated NPCI values ranged from 0.035 to 0.108 across all 24 plots.

4.12.4 Symbology and Visualization

Following the computation of each vegetation index, pseudocolor symbology was ap-
plied in QGIS to enable spatial visual interpretation of index value distribution across
the experimental maize field. For each index raster layer, the render type was config-
ured as Singleband Pseudocolor under Layer Properties — Symbology. The RdYIGn
(Red-Yellow-Green) diverging color ramp was applied, where red tones represent low
index values associated with stressed or non-vegetated areas, yellow represents inter-
mediate values, and green represents high index values characteristic of healthy dense
vegetation. The minimum and maximum color stretch values were defined based on
the actual data range of each index as determined from the layer histogram. This visu-
alization approach enabled direct spatial comparison of crop health patterns across all
24 experimental plots and facilitated identification of nutrient sufficient and deficient

zones within the field.
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Table 4.3: Symbology settings applied to each vegetation index layer in QGIS

Index  Render Type Color Ramp Value Range
GLI Singleband Pseudocolor RdY1Gn —1to+1
NGRDI Singleband Pseudocolor RdYIGn —1to+1
VARI Singleband Pseudocolor RdY1Gn —1to+1
TGI Singleband Pseudocolor RdY1Gn 30 to 80
NPCI Singleband Pseudocolor RdY1Gn —1to+1

4.12.5 Plot Boundary Setup

The experimental plot boundaries were loaded into QGIS as a GeoPackage (.gpkg) vec-
tor layer containing 24 polygon features, each corresponding to one experimental plot
in the RCBD layout. The plot boundary layer was overlaid on both the orthomosaic
and computed vegetation index rasters to visually confirm spatial alignment and correct
georeferencing. The coordinate reference system of the vector layer was verified to
match all raster layers (UTM Zone 45N, EPSG:32645), ensuring accurate spatial cor-
respondence during subsequent zonal statistics extraction.Later each plot was divided
into 16 subplots for better visualization of indices. The average value of each plot was

taken into the calculation.

Figure 4.16: Grid creation in QGIS.

4.12.6 Zonal Statistics Extraction

Mean vegetation index values for each plot were extracted using the Zonal Statistics
tool in QGIS (Raster — Zonal Statistics). For each index, the corresponding raster
layer was used as input, and the RCBD plot boundaries (24 plots) were used as the

zonal layer.The Mean value was selected to represent the average index value within
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each plot. Separate column prefixes (such as ExG_, GLI_, NGRDI_, VARI_, TGI_, and
NPCTI_) were used to keep the results organized and avoid confusion in the attribute
table. After processing all six indices, the attribute table contained 24 rows (one for
each plot) along with the corresponding mean index values. The final table was then
exported as a CSV file for further statistical analysis in JMP Pro.

4.12.7 Data Export and Preparation for Analysis

After completing zonal statistics and canopy coverage calculations, the plot attribute
table was exported from QGIS in CSV format using Layer — Export — Save Features
As. The dataset contained 24 rows representing the experimental plots, along with
columns for plot ID and mean values of vegetation indices (ExG, GLI, NGRDI, VARI,
TGI, and NPCI).SPAD chlorophyll readings collected during the UAV survey were then
added to this dataset using Microsoft Excel. The final combined dataset was imported

into JMP Pro for further analysis, including correlation, classification, and visualization.

- \
25 ‘,:,’j& Vegitation mask (i.e. vegetation=
b

,i‘ .- g"ﬁ 1, s0il=0)
" R

ExG calculation

RGB Orthomosaic

Replication 1

Figure 4.17: Masking in steps.

4.13 Data Analysis

A total of 240 SPAD observations were collected from six nutrient treatments (T1-T6),
each with four replications (R1-R4), where 10 SPAD readings were recorded per treat-
ment plot. These observations were used to evaluate the effect of different nutrient

treatments on crop chlorophyll content.

One-way Analysis of Variance (ANOVA) was performed to determine the significance
of differences in SPAD values among the treatments at a 0.05 probability level. Prior to

ANOVA, the assumptions of normality and homogeneity of variance were checked to
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ensure the validity of the analysis.

For correlation and regression analysis, SPAD values were compared with vegetation
indices (VIs) derived from RGB images. Pearson correlation analysis was conducted to
quantify the strength and direction of the relationship between SPAD values and indi-

vidual vegetation indices.

All statistical analyses, including ANOVA, correlation, and regression, were performed
using JMP Pro statistical software (SAS Institute Inc.).

To assess the predictive performance of the regression models, Root Mean Square Error
(RMSE) and Normalized Root Mean Square Error (NRMSE) were calculated as:

1 n
RMSE = [~} (vi =) (4.15)
i3
RMSE
NRMSE = 100 x T — (4.16)
7 Li=1Yi

where y; is the observed SPAD value of sample i, y; is the predicted SPAD value, and n is
the total number of samples used for validation. RMSE provides the absolute prediction
error, while NRMSE expresses the error as a percentage, allowing comparison across
different scales. [4]
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Chapter S: RESULT AND DISCUSSION

5.1 SPAD Values for Different Fertilizer Treatments

The measured SPAD values for each experimental plot across the six nutrient treatments
(T1-T6) are presented to evaluate the impact of organic and inorganic fertilization on
maize chlorophyll content. Following the methodology used in previous barley stud-
ies to detect the significance of fertilization levels, a one-way Analysis of Variance
(ANOVA) was conducted.[4]

The results indicated that the type of nutrient treatment had an extremely significant
effect on leaf chlorophyll content (F = 24.3038, p < 0.0001). The total range of SPAD
readings across the 240 observations spanned from approximately 34.90 to 65.40 .[4]

Table 5.1: Vegetation Indices and SPAD Measurements
Sample SPAD Mean VARIMean GLIMean NGRDIMean NPCIMean TGI Mean

RIT1 38.8530 0.2648 0.2273 0.1803 0.1081 57.6737
R2T1 45.7633 0.2985 0.2248 0.1957 0.0662 55.8501
R3T1 39.8433 0.2828 0.2260 0.1885 0.0853 57.3833
R4T1 42.5967 0.2916 0.2302 0.1941 0.0820 57.1749
RIT2 52.5833 0.3015 0.2254 0.1979 0.0635 52.8541
R2T2 51.3533 0.3416 0.2361 0.2213 0.0353 51.9052
R3T2 54.7333 0.3263 0.2362 0.2143 0.0516 52.2915
R4T2 51.2633 0.3260 0.2290 0.2109 0.0418 50.9221
RIT3 53.1333 0.3375 0.2432 0.2225 0.0493 53.2324
R2T3 52.0833 0.3434 0.2398 0.2239 0.0386 52.2286
R3T3 53.3700 0.3313 0.2367 0.2171 0.0459 52.1154
R4T3 51.0133 0.3216 0.2239 0.2063 0.0402 51.8250
R1T4 50.5100 0.3402 0.2431 0.2235 0.0470 53.1296
R2T4 51.3967 0.3226 0.2378 0.2128 0.0583 52.0843
R3T4 50.7567 0.3121 0.2258 0.2030 0.0523 52.3518
R4T4 45.9400 0.3232 0.2354 0.2122 0.0546 54.1317
RITS 45.7167 0.3025 0.2338 0.2014 0.0751 56.7728
R2T5 49.0067 0.3372 0.2391 0.2201 0.0448 54.2488
R3T5 47.5667 0.3255 0.2360 0.2139 0.0518 54.5634
R4T5 45.5200 0.3246 0.2402 0.2142 0.0605 55.9986
R1T6 48.7767 0.3122 0.2334 0.2061 0.0635 55.4293
R2T6 43.9967 0.3196 0.2422 0.2127 0.0691 56.8164
R3T6 48.6633 0.3105 0.2301 0.2044 0.0593 54.4981
R4T6 47.0167 0.3052 0.2246 0.1988 0.0588 55.6903
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The distribution of the data, as seen in the box plots, highlights several trends:

@

(i)

(iii)

(iv)

The lowest mean SPAD value was recorded in the control plot (T1: 41.64), where

no nutrients were applied.

The highest chlorophyll levels were observed in the treatments receiving full rec-
ommended doses of nitrogen (RDN). Specifically, T3 (100% RDN + Biochar)
reached the maximum mean of 49.60, closely followed by T2 (100% RDN) at
49.51.

Statistically, the urea-enriched biochar (T4) produced a mean SPAD of 49.27,
which was statistically comparable to the 100% chemical urea treatments (T2 and
T3), suggesting that biochar enrichment is an effective nitrogen delivery mecha-

nism.

The urine-enriched treatments showed intermediate responses, with T6 (human
urine biochar) slightly higher at 47.19 compared to TS5 (cattle urine biochar) at
46.51.

To ensure the reliability of these results, an analysis of variance was also performed to

check for homogeneity between the four replications (R1-R4). The results showed no

significant difference between the replicates (p = 0.7951), confirming that environmen-

tal variability across the experimental blocks was well controlled.

SPAD VALUE

o SPAD VALUE vs. TREATMENT

2 SPAD VALUE

40

Figure 5.1: SPAD Values across Treatments (T1-T6) (20 Feb,2026)
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Figure 5.2: Visualization of ground-truth physiological data(20 Feb, 2026)

Table 5.2: Summary of SPAD mean values and statistical variance for nutrient treat-
ments T1-T6.

Treatment Description N Mean SPAD Std Error
T1 Control (No Nutrient) 40 41.6400 0.6198
T2 100% RDN (Urea) 40 49.5050 0.6198
T3 100% RDN + Biochar 40 49.5975 0.6198
T4 Urea Enriched Biochar 40 49.2700 0.6198
T5 50% Urea + Cattle Urine Biochar 40 46.5100 0.6198
T6 50% Urea + Human Urine Biochar 40 47.1925 0.6198

5.2 Relationships between SPAD Values and Vegetation Indices

To evaluate the potential of low-cost UAV imagery for monitoring maize health, a bi-
variate analysis was conducted to correlate ground-truth SPAD readings with various
RGB-based vegetation indices (VIs).[4] The results, summarized in Table 5.3, indicate
that several visible-band indices are highly effective proxies for leaf chlorophyll con-

tent. Specifically:
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(i) NPCI (Normalized Pigment Chlorophyll Index):

4 = Bivariate Fit of Spad Mean By NPCI MEAN

Spad Mean

003 004 005 006 007 008 009 01 011 VI Sa— P B
NECTMEAN NPCI Mean

Figure 5.3: Fit of SPAD Vs NPCI (20  Figure 5.4: Fit of SPAD Vs NPCI (22
Feb) Mar)

- 0.939394

. -0.988889

Figure 5.5: Heatmap of Masked NPCI

NPCI showed a strong negative correlation with SPAD across both dates (r =
—0.736, p < 0.0001 for the first date; similar pattern in the second), indicat-
ing that higher carotenoid-to-chlorophyll ratios are associated with lower chloro-
phyll content. This inverse relationship is biologically consistent. In the Adaptive
Lasso model, NPCI was retained but was not statistically significant (p = 0.342),
suggesting it contributes to pigment-related adjustment rather than being a pri-

mary predictor.
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(i) VARI (Visible Atmospherically Resistant Index):

Spad Mean

45

40

026 027 028 029 03 031 032 033 034 035 02 0.25 03 035
VARI Mean VARI Mean

Figure 5.6: Fit of SPAD Vs VARI (20 Figure 5.7: Fit of SPAD Vs VARI (22
Feb,2026) Mar, 2026)

Figure 5.8: Heatmap of masked VARI

VARI exhibited a strong positive correlation with SPAD (r = 0.730, p < 0.0001)
on the first date, with a consistent pattern on the second, reflecting that greener
vegetation corresponds to higher chlorophyll. Despite its strong univariate re-
lationship, VARI was excluded by Adaptive Lasso (coefficient shrunk to zero),
indicating its predictive information was captured by other selected indices such

as TGI and NGRDI due to multicollinearity.
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(iii) TGI (Triangular Greenness Index):

Spad Mean
Spad Mean

45

40
L]
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Figure 5.9: Fit of SPAD Vs TGI (20  Figure 5.10: Fit of SPAD Vs TGI (22 Mar,
Feb,2026) 2026)

Figure 5.11: Heatmap of Masked TGI

TGI demonstrated a strong negative correlation with SPAD, and it emerged as
the most significant predictor in the Adaptive Lasso model (p < 0.0001) with a
negative coefficient. The inverse relationship may stem from TGI’s sensitivity
to canopy structure or saturation effects in dense canopies, rather than a direct

linear link with chlorophyll. Its retention highlights its unique contribution to

SPAD estimation.
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(iv) NGRDI (Normalized Green-Red Difference Index):
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Figure 5.12: Fit of SPAD Vs NGRDI (20

Feb,2026) Figure 5.13: Fit of SPAD Vs NGRDI (22
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Figure 5.14: Heatmap of Masked NGRDI

NGRDI showed a moderate positive correlation on the first date (r ~ 0.39, p =
0.058) but a weak, non-significant relationship on the second (r = —0.29, p =
0.174), indicating instability across growth stages. Although not individually
significant (p = 0.366), it was retained by Adaptive Lasso, contributing modestly
to the model’s predictive performance. The positive coefficient aligns with the

expectation that greener leaves contain more chlorophyll.[1].
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(v) GLI (Green Leaf Index):
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Figure 5.15: Fit of SPAD Vs GLI (20 Figure 5.16: Fit of SPAD Vs GLI (22
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Figure 5.17: Heatmap of masked GLI

GLI exhibited weak and non-significant correlations on both dates (first: r =
0.39, p = 0.058; second: r = —0.29, p = 0.174), suggesting no consistent linear
relationship with SPAD. This may be due to redundancy with other indices or
sensitivity to soil background and illumination. Consequently, GLI was excluded
by Adaptive Lasso (coefficient shrunk to zero), confirming its limited predictive

value in the presence of the other vegetation indices.

5.3 Validation of the Linear Regression Models for Prediction of SPAD
Values

The performance of the established linear regression models for predicting maize chloro-
phyll (SPAD) values was evaluated through a rigorous validation process. Following
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Table 5.3: Linear regression parameters and correlation coefficients between SPAD
values and UAV RGB indices (n = 24).

Vegetation Index Correlation (7) R? p-value Regression Equation

NPCI —0.7357 0.5412 < .0001 y=0.1967—0.0029x
VARI 0.7300 0.5329 <.0001 y=0.1568+-0.0033x
TGI —0.7264 0.5277 < .0001 y=71.146—-0.3536x
NGRDI 0.7017 0.4924 0.0001 y=0.117640.0019x
GLI 0.3918 0.1535 0.0583 y=0.205340.0006x

the methodology of Yu Liu et al. (2021) [4], which emphasizes the use of independent
datasets and error metrics such as Root Mean Square Error (RMSE) to determine model

robustness [4], we assessed the accuracy of our UAV-derived predictions.

5.3.1 Multi-Index Model Selection and Regularization

To handle the high degree of multicollinearity observed between RGB-based vegeta-
tion indices (such as the r = 0.987 correlation between VARI and NGDRI), an Adap-
tive Lasso regression model with K-fold validation was implemented. This approach is
superior to simple unary linear regression because it performs automatic variable selec-

tion, retaining only the most informative spectral predictors.

The model selection process identifies the optimal solution at the minimum Scaled -
LogLikelihood, as illustrated in the solution path (see Figure 5.19). Out of the five ini-
tial indices, the Lasso process determined that TGI, NGRDI, and NPCI were the most

effective predictors, while VARI and GLI were removed to optimize model parsimony.
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Figure 5.19: Model Validation Curve for

Figure 5.18: Parameter estimates for orig- Regularization Parameter Selection

inal predictors

5.3.2 Predictive Accuracy and Significance

The validation results indicate that the multi-index model is highly significant. The
Effect Tests (Table 5.4) reveal that the Triangular Greenness Index (TGI) is the most
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critical factor in the prediction, with an extremely significant p-value (p < 0.0001).

Table 5.4: Effect Tests for the Multi-Index SPAD Prediction Model.
Predictor DF Wald Chi-Square Prob > Chi-Square

TGI Mean 1 18.2237 < .0001*
NPCI Mean 1 0.9036 0.3418
NGRDI Mean 1 0.8172 0.3660

The high Wald Chi-Square for TGI suggests it captures unique spectral information
related to the deepening of the red absorption band as chlorophyll increases, which is
consistent with the findings in Yu Liu et al. regarding the robustness of adjusted color
indices [4].

5.3.3 Visual Validation of Model Fit

The Actual by Predicted Plot provides visual confirmation of the model’s reliability
(Figure 5.20). For both the training set (n = 20) and the independent validation set
(n = 4), the data points cluster tightly along the diagonal 1:1 line. This indicates that
the model can accurately estimate ground-truth SPAD values across the full range of
health statuses, from the nitrogen-deficient control (T1) to the high-performing urea-
enriched biochar treatments (T2-T4).

40 45 50 55 40 45 50 55
Spad Mean Predicted Spad Mean Predicted

Figure 5.20: Actual by predicted plot

Furthermore, the Residual by Predicted Plot shows that the prediction errors are
randomly distributed around the zero line, typically within a narrow range of +2 SPAD
units. The absence of any discernible pattern in the residuals suggests that the model is

unbiased and robust across different levels of canopy vigor.

5.3.4 The Predictive Equation

The final validated formula for non-destructive SPAD estimation using the DJI Phantom

4 RGB sensor is as follows:
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4 Residual by Predictor Plot
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Figure 5.22: Residuals from validation of the predictor plots

77 Fit Generalized Formulas - -
New Column( "Spad Mean Prediction Formula",
Numeric,
Formula(
189.872532181367 + 47.7420882464981 * :NGRDI MEAN + -43.7737750421116 *
:NPCI MEAN + -1.26847763416971 * :TGI MEAN

Set Property(
"Predicting”,
{:Spad Mean, Creator( "Fit Generalized" ), Model Name( "Adaptive Lasso" )}

)i

Figure 5.23: Model prediction equation

SPAD = 109.872 + (47.742 x NGRDI) — (43.773 x NPCI) — (1.268 x TGI)  (5.1)

5.3.5 Conclusion on Robustness

Similar to the conclusion in the barley study where the ’G-B’ index was identified as the
“most robust” due to its stability across different conditions [4], our multi-index model
provides a stable tool for maize health monitoring. By combining indices sensitive
to pigment concentration (NPCI) and canopy structure (TGI/NGRDI), this model suc-

cessfully overcomes the limitations of point-based manual sampling, offering a scalable
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Figure 5.24: Fig: Predicted SPAD values vs Actual SPAD values

solution for precision nitrogen management.

5.4 Vegetation Index Thresholding and Spatial Classification in QGIS

In this study, vegetation indices obtained from UAV imagery VARI, NGRDI, and NPCI
were used to identify nitrogen status in maize plots. The main goal was to separate
nitrogen sufficient (healthy) plants from nitrogen deficient (unhealthy) ones.

To achieve this, a simple classification approach was applied in QGIS using the Field
Calculator. Threshold values for each index were selected by comparing their average
values with field measurements taken using a SPAD chlorophyll meter. A SPAD value

of less than 45 was used as a reference point to indicate nitrogen stress in plants.

Table 5.5: Applied Classification Thresholds by Growth Stage
Growth Stage VARI Threshold | NGRDI Threshold | NPCI Threshold
Early Vegetative >0.30 >0.197 <0.078
Silking / Maturation >0.31 >0.193 <0.036

Plots were classified as Healthy when all the above conditions were satisfied. Oth-

erwise, they were classified as Unhealthy.

5.4.1 Spatial Distribution and Classification Accuracy

The classification results matched perfectly with the actual field conditions. All nitrogen-
deficient plots were correctly identified as unhealthy and appeared in red in the QGIS
output map.

At the early vegetative stage, the NPCI threshold was kept slightly higher (< 0.078).
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This was done because the crop canopy was not fully developed.

During the silking stage, the NPCI threshold was reduced to < 0.036 for more precise
classification. At this stage, the crop had full canopy cover and maximum greenness,
which resulted in higher VARI and NGRDI values due to increased chlorophyll content

and leaf area.

Figure 5.25: Early stage Orthomosaic map  Figure 5.26: Early stage classified map

Figure 5.27: Silking stage Orthomosaic

Fi .28: Silki lassifi .
map igure 5.28: Silking stage classified map

5.4.2 Threshold Calibration in Controlled Conditions

The high accuracy of this classification method is mainly due to the controlled ex-
perimental setup. The use of a Randomized Complete Block Design (RCBD) with
clearly separated nitrogen sufficient and nitrogen deficient plots helped in defining reli-

able threshold values. Because the field conditions were well controlled, it was easier

to relate vegetation index values with actual plant health. This allowed the thresholds

to act as a dependable reference for distinguishing between healthy and stressed crops.
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Treatments

T1-Control

T2=100% RDN through urea

T3=100% RDN through urea + Biochar (15t/ha)

T4=100% RDN through urea enriched biochar

T5=50% RDN through urea + 50% N through cattle urine enriched Biochar
T6=50% RDN through urea + 50% N through human urine enriched Biochar

Figure 5.29: Overview of treatments.

5.5 Predicted Result From Model

The developed model was evaluated using unseen input images to assess its generaliza-
tion capability. The model accurately predicted the nutrient status of maize plants into
two classes: nutrient sufficient and nutrient deficient. This demonstrates the model’s

effectiveness in identifying variations in crop health based on visual features:

Figure 5.30: Nutrient Sufficient Figure 5.31: Nutrient Deficient

Vegetation Mask: The vegetation mask effectively separated maize canopy from soil,
ensuring that only plant pixels were used for analysis. This reduced background noise
and improved the accuracy of vegetation index calculations. The masking process en-

hanced reliability by minimizing soil interference.

ExG Index: The ExG index revealed clear spatial variability in canopy greenness across
the field. Higher ExG values indicate higher chlorophyll content and are associated
with increased SPAD values, enabling non-destructive estimation of plant health. Con-

versely, lower ExG regions suggest nutrient deficiencies, particularly nitrogen stress,
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and reduced plant vigor.

RGB Orthomosaic Map: The RGB orthomosaic provided a high-resolution visual rep-

resentation of the study area, allowing validation of vegetation patterns observed in the

index maps. It supported the identification of variations in crop condition and comple-

mented the interpretation of ExG-based analysis.

5.6

11.

1il.

1v.

5.7

11.

1il.

1v.

Limitations

. The RGB sensor lacks narrow spectral sensitivity, reducing the accuracy of veg-

etation analysis.

The lack of NIR prevents the use of highly reliable vegetation indices such as
NDVI.

Variations in sunlight introduce inconsistencies in image quality and reflectance.

Limited flight time requires multiple missions, introducing temporal inconsisten-

cies.

Results are specific to one crop variety, and season.

Problems Encountered

. Variable weather frequently disrupted UAV flight operations.

Short battery life required multiple flights to complete data acquisition.
Orthomosaic generation was time-consuming and required repeated processing.
Ground measurements showed variability due to sampling differences.

Repeated data collection and processing extended the project timeline.
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5.8 Budget Estimation

To ensure the successful completion of this project, the estimated budget that accounts

for the cost of both newly acquired and existing resources.

Table 5.6: Budget Estimation

SN | Description Quantity(No.) | Estimated Cost (NRs)
1 | DJI Phantom 4 Pro V2.0 1 275000
2 | High-speed SD Cards 1 3000
3 | Laptop/Workstation 1 100000
4 | Travel & Accommodation Expenses - 20000
5 | Handheld SPAD Meter 1 120000
6 | Field Equipment & Miscellaneous - 15000

Total 533000

The total estimated budget for the project is Rs. 5,33,000. This allocation ensures
that one acquire all necessary resources while efficiently utilizing existing assets to
minimize costs wherever possible.

Note: DJI Phantom 4 (RGB) was provided by GEOKRISHI (i.e an organization that
provides an intelligent digital agriculture platform built to solve challenges faced by
commercial and smallholder farmers.) So, drone acquisition costs can be excluded

from the budget.
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5.9 Gantt Chart

The whole project can be visualized with the help of gantt chart as shown below.

Task May June July Aug Sept Oct Nov Dec Jan Feb Mar Apr

Preliminary Analysis —l | | | | | | | |

Literature Review

Electronics Components Selection

Proposal —7T

Mapping algorithm development
Pre-mid term defense . Tf | |
Mid term Defense T

Health Monitoring algorithm development

Iterative Testing and Analysis

Validation of Results

Review and Consultation

Documentation

Final Defense | | | | | | b

Planned | | — |Progress | | T |Dead|ine |

Figure 5.32: Project Timeline

5.10 Conclusion

Based on the findings presented in this study, the following conclusions are drawn re-
garding the monitoring of maize health using UAV-based RGB imagery under diverse

nutrient management strategies:

5.10.1 Feasibility of Low-Cost Aerial Monitoring

This study validates the feasibility of using a standard commercial RGB sensor mounted
on a DJI Phantom 4 Pro V2.0 for quantitative maize health assessment. The results
demonstrate that high-resolution RGB imagery contains sufficient spectral information
to serve as a reliable, non-destructive, and cost-effective alternative to labor-intensive

manual SPAD sampling and expensive multispectral sensors.

5.10.2 Impact of Nutrient Management Strategies

The experimental results confirm that nutrient treatments had an extremely significant
effect on leaf chlorophyll content (F = 24.3038, p < 0.0001). A key finding is the ef-
fectiveness of integrated nutrient management: treatments using urea-enriched biochar
(T4) yielded a mean SPAD value of 49.27, which is statistically comparable to the
100% chemical urea treatment (T2: 49.50). This highlights the potential of biochar as

a sustainable vehicle for efficient nitrogen delivery.
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5.10.3 Robustness of Vegetation Indices as Health Proxies

Among the visible-band indices tested, NPCI (r = —0.736) and VARI (r = 0.730)
demonstrated the strongest correlations with ground-truth SPAD readings. These in-
dices effectively capture physiological variations and canopy vigor induced by different
fertilization regimes. Furthermore, the Triangular Greenness Index (TGI) was identi-
fied as the most significant variable in multivariate modeling (p < 0.0001), due to its

sensitivity to chlorophyll-driven red absorption.

5.10.4 Performance of Predictive and Classification Models

The study developed an Adaptive Lasso regression model for SPAD prediction:

SPAD = 109.872 + (47.742 x NGRDI) — (43.773 x NPCI) — (1.268 x TGI) (5.2)

Additionally, the Random Forest (RF) model achieved an overall classification accuracy
of 91.6% in distinguishing between nutrient-sufficient and nutrient-deficient crop zones.
The model demonstrated strong performance with a precision of 90% and recall of
94.7% for the deficient class, indicating its effectiveness for early detection of nutrient
stress.

The integration of UAV-RGB photogrammetry with machine learning provides a
scalable and high-throughput solution for real-time crop monitoring. Future work should
focus on multi-temporal analysis across different growth stages and the integration of
thermal or multispectral sensors to further enhance prediction accuracy for precision

nitrogen management.
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5.11 Scope for Future Enhancement

1. Integration of multispectral and thermal sensors to enable advanced vegetation

indices and water stress analysis.

1. Extension to multi-temporal monitoring across different crop growth stages for

improved analysis.

iii. Application of machine learning and deep learning techniques to enhance classi-

fication accuracy.

iv. Development of automated processing pipelines and real-time UAV-based analy-

sis for faster decision-making.

v. Expansion and validation across multiple locations, crop varieties, and real-field

conditions for broader applicability.
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Chapter 6: APPENDICES

6.1 APPENDIX-A : Project Code

The complete source code used in this project is available and can be cited as follows:
Sameer Baskota, Baniya, P., Karki, B., & Marasini, B. (2026). sameerbaskota/RGB and
Parameters Calculation (0.0.1). Zenodo. https://doi.org/10.5281/zenodo.
19250839

6.2 APPENDIX-B: Field Setup

Figure 6.1: Maize field showing the experimental plots

Figure 6.2: Drone in flight capturing aerial images of the experimental plots
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6.3 APPENDIX-C: Field Validation with expert.

Figure 6.3: Photo with agricultural expert.

67



[1]

[2]

(3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

REFERENCES

M. Mhaidat, I. Gonzédlez-Pérez, J. R. Rodriguez-Pérez, J. P. Val-Aguasca, and E.
Sanz-Ablanedo, “Potential of RGB-derived vegetation indices as an alternative
to NIR-based vegetation indices to monitor nitrogen status in maize,” Remote
Sensing, vol. 18, no. 4, p. 528, 2026. DOI: 10.3390/rs18040528

H. S. Chawla and D. Singh, “Development of a machine learning model for crop
yield prediction in agriculture,” The Bioscan, vol. 20, no. 2, pp. 827-832, 2025.
DOI: 10.63001/tbs.2025.v20.102.52.pp827-832

J. Kafle, L. Bhandari, S. Neupane, and S. Aryal, “A review on impact of different
nitrogen management techniques on maize (Zea mays L.) crop performance,’
AgroEnvironmental Sustainability, vol. 1, no. 2, pp. 192-198, 2023. pOI: 10 .
59983/520230102012

Y. Liu et al., “A robust vegetation index based on different uav rgb images to
estimate spad values of naked barley leaves,” Remote Sensing, vol. 13, no. 4,
p. 686,2021. DOI: 10.3390/rs13040686

A. Agapiou, “Vegetation extraction using visible-bands from openly licensed un-
manned aerial vehicle imagery,” Drones, vol. 4, no. 27, pp. 1-15, 2020. DOI:
10.3390/drones4030027

G. O. Edmeades, “Progress in achieving and delivering drought tolerance in
maize—an update,” Journal of Experimental Botany, vol. 64, no. 2, pp. 473—
486,2013.D0O1: 10.1093/jxb/ers326

J. S. Boyer, “Plant productivity and environment,” Science, vol. 218, no. 4571,
pp- 443448, 1982. DO1: 10.1126/science.218.4571.443

C. Zhang and J. M. Kovacs, “The application of small unmanned aerial sys-
tems for precision agriculture: A review,” Precision Agriculture, vol. 13, no. 6,
pp. 693-712,2012. pO1: 10.1007/s11119-012-9274-5

U. Author, “Drone implementation in precision agriculture (excerpt),” in Un-
known Conference/Journal, Full citation details (author, title, specific venue) not

available in provided excerpts., Unknown Year.

H. Aasen, E. Honkavaara, A. Lucieer, and P. J. Zarco-Tejada, “Quantitative re-
mote sensing at ultra-high resolution with uav spectroscopy,” Remote Sensing of
Environment, vol. 205, pp. 374-389, 2018. pol: 10.1016/j.rse.2017.
10.029

R. Guebsi, S. Mami, and K. Chokmani, “Drones in precision agriculture: A
comprehensive review of applications, technologies, and challenges,” in Drones,
vol. 8, 2024, p. 686.

68


https://doi.org/10.3390/rs18040528
https://doi.org/10.63001/tbs.2025.v20.i02.S2.pp827-832
https://doi.org/10.59983/s20230102012
https://doi.org/10.59983/s20230102012
https://doi.org/10.3390/rs13040686
https://doi.org/10.3390/drones4030027
https://doi.org/10.1093/jxb/ers326
https://doi.org/10.1126/science.218.4571.443
https://doi.org/10.1007/s11119-012-9274-5
https://doi.org/10.1016/j.rse.2017.10.029
https://doi.org/10.1016/j.rse.2017.10.029

[12] A.E. Asibi, Q. Chai, and J. A. Coulter, “Mechanisms of nitrogen use in maize,”
Agronomy, vol. 9, no. 12, p. 775, 2019. DOI: 10.3390/agronomy9120775

[13] L. Du et al., “Estimating leaf area index of maize using UAV-based digital im-
agery and machine learning methods,” Scientific Reports, vol. 12, p. 15456,
2022.D01: 10.1038/s41598-022-19827-0

[14] L. Deng, Z. Mao, X. Sun, W. Luo, and Z. Duan, “A subband radiometric cali-
bration method for UAV-based multispectral remote sensing,” ISPRS Journal of
Photogrammetry and Remote Sensing, vol. 146, pp. 124-136, 2018. DOI: 10 .
1016/5.1isprsijprs.2018.09.008

[15] N. S. Chandel, Y. A. Rajwade, K. Dubey, A. K. Chandel, A. Subeesh, and M.
Tiwari, “Water stress identification of winter wheat crop with state-of-the-art ai
techniques and high-resolution thermal-rgb imagery,” Plants, vol. 11, no. 23,
p. 3344, Dec. 2022.

[16] E.R.H.IJr, C.S.T. Daughtry, J. U. H. Eitel, and D. S. Long, “Remote sensing
leaf chlorophyll content using a visible band index,” Agronomy Journal, vol. 103,
no. 4, pp. 1090-1099, 2011. po1: 10.2134/agronj2010.0395

[17] M. Vishwakarma, P. S. Kulhare, and G. S. Tagore, “Estimation of chlorophyll
using SPAD meter,” International Journal of Environment and Climate Change,
vol. 13,no. 11, pp. 1901-1912,2023. DOI1: 10.9734/IJECC/2023/v131113348

[18] R. Gerardo and I. P. de Lima, “Applying RGB-based vegetation indices obtained
from UAS imagery for monitoring the rice crop at the field scale: A case study
in portugal,” Agriculture, vol. 13, no. 10, p. 1916, 2023. po1: 10 . 3390 /
agriculturel3101916

[19] E.R.HuntlJr, C.S. T. Daughtry, J. U. H. Eitel, and D. S. Long, “Remote sensing
leaf chlorophyll content using a visible band index,” Agronomy Journal, vol. 103,
no. 4, pp. 1090-1099, 2011. po1: 10.2134/agronj2010.0395

[20] K. G. Liakos, P. Busato, D. Moshou, S. Pearson, and D. Bochtis, “Machine
learning in agriculture: A review,” Sensors, vol. 18, no. 8, p. 2674, 2018. DOI:
10.3390/s18082674

69


https://doi.org/10.3390/agronomy9120775
https://doi.org/10.1038/s41598-022-19827-0
https://doi.org/10.1016/j.isprsjprs.2018.09.008
https://doi.org/10.1016/j.isprsjprs.2018.09.008
https://doi.org/10.2134/agronj2010.0395
https://doi.org/10.9734/IJECC/2023/v13i113348
https://doi.org/10.3390/agriculture13101916
https://doi.org/10.3390/agriculture13101916
https://doi.org/10.2134/agronj2010.0395
https://doi.org/10.3390/s18082674

	TITLE PAGE
	ABSTRACT
	TABLE OF CONTENTS
	LIST OF FIGURES
	LIST OF TABLES
	LIST OF ABBREVIATIONS AND ACRONYMS
	INTRODUCTION
	Background
	Problem Statement
	Objectives
	Main Objective
	Specific Objectives

	Applications
	System requirements
	Hardware Requirements
	DJI Phantom 4 Pro V2.0
	Software Requirements


	LITERATURE REVIEW
	Maize and Its Importance
	UAV and UAV-Based Imaging for Vegetation Indices
	Efficient Nutrient Management through Advanced Crop Monitoring Techniques
	Role of Chlorophyll in Plant Health Assessment
	Relationship between Nitrogen and Chlorophyll Content
	Chlorophyll as an Indicator of Crop Vigor and Productivity

	SPAD Meter as a Ground Truth Measurement Tool
	Working Principle of SPAD Meters
	Advantages (Accuracy, Simplicity)
	Limitations (Point-Based, Labor-Intensive)
	Use of SPAD in Nitrogen Assessment Studies

	UAV-Based Remote Sensing in Agriculture
	Evolution of UAVs in Precision Agriculture
	Advantages of UAVs over Satellite Imaging
	Applications in Crop Health, Stress Detection, and Yield Prediction

	RGB Imaging for Crop Monitoring
	Characteristics of RGB Sensors (e.g., DJI Phantom 4)
	Comparison with Multispectral and Hyperspectral Sensors
	Cost-Effectiveness and Accessibility

	Vegetation Indices Derived from RGB Images
	Visible Atmospherically Resistant Index (VARI)
	Other RGB-Based Indices

	Correlation Between Vegetation Indices and SPAD Values
	Previous Studies Linking RGB Indices with Chlorophyll/SPAD
	Strength of Correlations under Different Conditions
	Gaps in Validation under Diverse Treatments

	Impact of Nutrient Treatments on Crop Health
	Role of Urea (RDN Concept) and Biochar
	Organic Amendments (Cattle Urine, Human Urine)

	Machine Learning and Statistical Models for Crop Health Prediction
	Regression Models and ANOVA
	Machine Learning Approaches

	Research Gaps

	THEORETICAL BACKGROUND
	Remote Sensing and UAV-Based Imaging
	Principles of Remote Sensing
	Electromagnetic Spectrum and Vegetation Reflectance
	UAV Remote Sensing Platforms

	RGB Vegetation Indices
	Spectral Basis of RGB Indices
	Excess Green Index (ExG)
	Green Leaf Index (GLI)
	Normalized Green-Red Difference Index (NGRDI)
	Visible Atmospherically Resistant Index (VARI)
	Triangular Greenness Index (TGI)
	Normalized Pigment Chlorophyll Index (NPCI)

	SPAD Chlorophyll Measurement
	Principle of SPAD Measurement
	SPAD as a Nitrogen Proxy

	Image Processing for Canopy Segmentation
	Vegetation Segmentation
	Morphological Image Processing

	Statistical Analysis Framework
	Pearson Correlation Analysis
	One-Way Analysis of Variance (ANOVA)
	Correlation Analysis
	Linear Regression Analysis
	Root Mean Square Error (RMSE)
	Normalized Root Mean Square Error (NRMSE)
	Zonal Statistics


	METHODOLOGY
	Problem Identification and Literature Review
	Field Preparation and Experimental Setup
	Study Area
	Experimental Details
	Recommended Dose of Fertilizer (RDF)
	Test Crop and Agronomic Practices

	UAV Acquisition and Familiarization
	UAV Calibration and System Preparation
	Mission Planning
	Path Planning and Grid Creation
	Acquisition of RGB Images

	Controlled field Environment
	Orthomosaic Map Generation
	 Image Segmentation using python
	 Vegetation Spectral Indices
	Stream 2: HSV Color Gate
	Texture Smoothness
	L*a*b* Green Axis
	Multi-Evidence Fusion
	GrabCut Refinement
	Spatial Grid Division
	Input Features
	Train/Test Split

	Tile-Based Prediction for New Images
	Evaluation Metrics
	Output
	Confusion Matrix
	Feature Importance

	Index calculation Using QGIS
	Data Preparation
	Vegetation Segmentation and Canopy Masking
	Vegetation Index Calculation
	Symbology and Visualization
	Plot Boundary Setup
	Zonal Statistics Extraction
	Data Export and Preparation for Analysis

	Data Analysis

	RESULT AND DISCUSSION
	SPAD Values for Different Fertilizer Treatments
	Relationships between SPAD Values and Vegetation Indices
	Validation of the Linear Regression Models for Prediction of SPAD Values
	Multi-Index Model Selection and Regularization
	Predictive Accuracy and Significance
	Visual Validation of Model Fit
	The Predictive Equation
	Conclusion on Robustness

	Vegetation Index Thresholding and Spatial Classification in QGIS
	Spatial Distribution and Classification Accuracy
	Threshold Calibration in Controlled Conditions

	Predicted Result From Model
	Limitations
	Problems Encountered
	Budget Estimation
	Gantt Chart
	Conclusion
	Feasibility of Low-Cost Aerial Monitoring
	Impact of Nutrient Management Strategies
	Robustness of Vegetation Indices as Health Proxies
	Performance of Predictive and Classification Models

	Scope for Future Enhancement

	APPENDICES
	APPENDIX-A : Project Code
	APPENDIX-B: Field Setup
	APPENDIX-C: Field Validation with expert.


