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Abstract

Nutrient stress is a significant threat to crop yield quality and can cause soil infertility. In
satellite-based remote sensing, accurately monitoring nutrient stress with optical sensors is of-
ten challenging due to spatial and temporal resolution constraints and atmospheric effects. To
overcome the limitation of satellite data, UAV (Unmanned Aerial Vehicle)-based imaging is
preferred. Hyperspectral imaging is a preferred approach for monitoring nutrient stress due to
its sensitivity to plant chemical composition and its high spatial and temporal resolution. In this
study, we performed an experiment involving nitrogen stress at underdose (60 kg/ha), recom-
mended dose (120 kg/ha), and overdose (180 kg/ha) on wheat plants in a precision farm setup.
The reflectance obtained from hyperspectral data allows for distinguishing between underdose
(0.08–0.11 in 400 nm–700 nm, 0.3–0.38 in the NIR spectrum range), overdose (0.04–0.05
in 400 nm–700 nm, 0.42–0.55 in the NIR spectrum range), and recommended-dose (control)
wheat plants. A comparative analysis was performed on data obtained with a UAV-based hy-
perspectral sensor and a handheld spectroradiometer for overdosed and underdosed nitrogen
treatments. The results indicate a high correlation between the spectra obtained from both sen-
sors, with r = 0.9841 for the underdose treatment and r = 0.9913 for the overdose treatment.
Thus, a spectroradiometer can fill data gaps when hyperspectral data are unavailable. Addi-
tionally, we analysed pure vegetation pixels after masking out soil pixels for nutrient-sensitive
indices (NDVI, NDRE, ND705, CLred−edge, and DATT). Our results indicate that ND705 and
NDVI are optimal indicators for early nitrogen stress detection due to their high separability.
The results were validated using an ANOVA test, in which ND705 had the lowest p-value (p =
0.007) for data acquired on 28 February 2025.

The second study investigates the use of UAV-mounted hyperspectral imaging for early-
stage detection of Soybean Mosaic Virus (SMV) under field conditions near IIT Indore, India.
Early detection of crop diseases is critical for minimizing yield losses and enabling timely inter-
vention, particularly in soybean where viral infections can spread rapidly and remain unnoticed
during initial stages. Hyperspectral data (400–1000 nm, 281 bands) were collected at three
temporal stages: healthy (2nd August), slightly affected (6th August), and early symptomatic
(12th August). The results show clear spectral separation across these stages. Compared to
healthy conditions, reflectance increased by approximately 15–25% in the visible region and
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up to 30% in the near-infrared (NIR) region during the early disease stage. spectral differences
were detectable 4–6 days prior to visible symptom emergence, demonstrating the capability of
hyperspectral data for early disease detection. These observations were validated through field
inspection and RGB imagery. Overall, the study highlights that UAV-based hyperspectral sens-
ing can reliably capture subtle physiological and structural changes in soybean canopies at an
early stage. This provides a non-destructive and scalable approach for timely disease detection,
supporting precision agriculture and improved crop management strategies.

Index Terms — abiotic stress, unmanned aerial vehicle(UAV), hyperspectral imaging(HSI),
nitrogen stress, time series, vegetation index, soybean, early disease detection
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Chapter 1

Introduction

Remote sensing makes it possible to get data about any object without having to come into
close proximity to it (1). Its implementation is revolutionizing agricultural planning and man-
agement. It appears that farm management will advance to the next level of production and
productivity with the advent of new technologies. The efficient use of key agricultural re-
sources, such as water, fertilizer and pesticides, when and where needed, can improve agricul-
tural output(2). Remote sensing makes it easier to precisely model crops and monitor these
factors in real time. Seasonal patterns in the crop’s biological life cycle are followed when
assessing crop health. This method makes it possible to precisely and promptly gather data
without damaging the crop through sampling. Crop growth, development, nutritional deficien-
cies, illnesses, moisture stress, water management, and weed control can all be tracked with
remote sensing. It can be used to monitor crop growth over a large area and for a range of
periods. Understanding how agronomic management and environmental conditions affect crop
production is crucial(3).

Wheat (Triticum aestivum) is one of the world’s most crucial staple crops that significantly
contributes to global food security (4). It provides approximately 20% of global dietary energy
and protein intake (5). According to the Food and Agriculture Organisation (FAO), current
wheat production is about 750 million tons, whereas the estimated demand by 2050 is over 840
million tons (6). Therefore, it is necessary to maximise agricultural outputs. The quality and
production of wheat grain are significantly affected by fertilization. Nitrogen (N) is a crucial
nutrient for plant growth and one of the most important nutrients in crop production across all
agroecological regions of the world (7). The optimum nitrogen treatment increases the amount
of spikes, increases the grains per unit area, improves tiller formation, and encourages canopy
development (8). However, both nitrogen underdose and overdose treatments lead to nega-
tive physiological and environmental effects. Insufficient N supply reduces the yield by up to
20–30% (9), whereas excessive fertilization implies wasting resources and an increase in envi-
ronmental pollution (10). The expense of fertilizing wheat with nitrogen can reach up to 30%
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of the overall cost of production, and between 50 and 75% of the nitrogen given to the field is
lost by leaching into the soil rather than being utilized by the plant (11). Therefore, to maintain
high productivity, lower production costs, and minimize environmental contamination, precise
monitoring of nitrogen stress is crucial.

Soybean is a major globally traded crop commodity(12). As an important legume and
oilseed crop, soybean is widely used for human consumption and animal feed(13). However,
abiotic and biotic factors, such as climate change, drought salinity, disease incidence, and in-
sect pests, reduce soybean production(14). Disease incidence, along with other biotic factors,
significantly reduces soybean yield and quality, driving research related to disease biology,
epidemiology, and effective management practices(15) . Plant pathogens such nematodes, bac-
teria, viruses, fungi, and phytoplasma infect plants at the pre and post-emergence stages as
well as in the later phases of crop growth till maturity. A study reports that pests and diseases
cause 20–40% yield losses in most crops worldwide(16). Among various disease-causing fac-
tors, yield loss from viral disease in soybeans is hard to predict due to variability in cultivars,
virus strain, and the time of infection(17). Viral diseases of soybean, such as yellow mosaic,
can reduce yield by up to 85.7% when infection occurs early in plant growth(18). Similarly,
another virus, bean pod mottle virus, caused yield loss ranging from 3 to 52% depending on
infection severity in the field trial in the United States(19). Reported first in South Korea
and North America, the Soybean yellow mottle mosaic virus (SYMMV) belongs to the family
Tombusviridae (20). As the name suggests, the symptoms of this viral disease include yel-
lowing, mosaic, mottle, stunting, and leaf rolling(21). Given its highly contagious nature and
potential to significantly impact yields, monitoring and accurate identification of SYMMV are
crucial for effective disease control and management.

Early disease prediction in crops is important for timely intervention, mitigation, and pre-
vention of wide spread damage. Therefore, crop monitoring and early management of diseases
and pests are essential, as accurate diagnosis and detection are key to ensuring optimal yield
and good quality(22). Methods of disease identification, such as examination by plant pathol-
ogists and visual monitoring, of ten lack accuracy and can be time-consuming(23). Similarly,
reliance on visual judgment often leads to misidentification, while laboratory inspection re-
quires more precise instruments, advanced knowledge, and strict operating standards, limiting
accessibility and accuracy(24). A variety of sensors are used in remote sensing to capture
data. The electromagnetic radiation is detected by these sensors. There are two types of these
sensors: active sensors and passive sensors. Radiation released from the Earth’s surface or
reflected by an item is recorded by passive sensors. Conversely, active sensors—like RADAR
and Lidar—emit electromagnetic radiation of their own(25). The majority of sensors used in
agricultural remote sensing are made to capture a particular percentage of electromagnetic ra-
diation. Numerous materials can be analyzed both qualitatively and quantitatively using the

11



electromagnetic spectrum’s interaction with the substance (26). Multispectral and hyperspec-
tral imaging are particularly valuable in precision agriculture, allowing the monitoring of plant
health, nutrient status, and stress responses. Multispectral sensors capture data in several broad
wavelength bands—typically spanning visible, red-edge, and near-infrared regions. In com-
parison, Hyperspectral sensors record reflectance across numerous, narrowly spaced spectral
bands, enabling more precise measurement of subtle plant biochemical and physical traits (27)
as shown in Figure 1.1.

Figure 1.1: Hyperspectral data cube - a three-dimensional representation of a hyperspectral
image. X and Y represent the spatial dimension while the Z dimension shows the spectral
information. The spectral information of vegetation and soil pixel is shown at the right of the
plot.

This higher spectral resolution supports accurate monitoring of chlorophyll, nitrogen sta-
tus, moisture content, facilitates early identification of nutrient imbalances, diseases, and en-
vironmental stresses (28). Furthermore, integrating both multispectral and hyperspectral sen-
sors with UAVs enhances spatial and temporal resolution, making them suitable for detailed
field-level monitoring. This combination allows timely, informed agricultural decisions that
can optimize input use and boost crop productivity. Therefore, in contemporary agriculture,
multispectral and hyperspectral remote sensing greatly increase crop monitoring precision and
work in tandem. Satellite-based hyperspectral sensors like Hyperion, CASI, MicroHyperspec,
and others record spectral signals in hundreds of narrow bands, enabling accurate detection of
crop biochemical parameters like nitrogen and chlorophyll content, and allow large-scale and
long-term monitoring, but they offer very coarse spatial resolution and low revisit frequency
that limit field-level monitoring. A Unmanned Aerial Vehicle (UAV) based hyperspectral im-
agery would be preferable to overcome these challenges. A UAV equipped with a hyperspec-
tral sensor offers excellent spatial and spectral resolution, high temporal resolution, ease of
use, and access to the data immediately following takeoff. The introduction of hyperspec-
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tral UAV sensors with narrow bandwidths revolutionized crop monitoring by enabling precise
prediction of plant nitrogen levels and, consequently, estimation of nitrogen stress (29). The
widespread use of hyperspectral data for crop parameter acquisition suggests the need to review
the progress of research in this field.

Therefore, aerial remote sensing (RS) using drones (Unmanned Aerial Vehicles) (UAV) or
Unmanned Aerial Systems (UAS) with intelligent visual systems may be an efficient and inex-
pensive way for farmers to detect early crop stress and plant diseases in a variety of agricultural
fields, from the most intimate greenhouse to the largest farm(30).

1.1 Motivation

By 2050, there will likely be more than 9.7 billion people on the planet, and their food needs
could triple. As a result, increasing agricultural productivity is essential. The issues of an
expanding population, depleting resources, and inefficiencies in conventional agricultural prac-
tices must all be addressed by employing efficient farming practices. Conventional methods for
determining and monitoring important crop characteristics include time, extensive sampling,
and expensive laboratory chemical analysis, all of which are impractical from an environmental
and financial standpoint on a large scale(31). Advanced crop monitoring using multispectral
and hyperspectral sensors mounted on unmanned aerial vehicles (UAVs) can enable precise
crop monitoring. Soybean feeds billions of people and supports global livestock industries,
yet viral diseases yields by up to 85.7% long before a farmer even notices. Early detection of
diseases in soybean is crucial to prevent severe yield losses and ensure crop quality. Traditional
methods such as visual inspection or laboratory testing, are often time-consuming, subjective
and not feasible over large areas. Many diseases become visible only after significant dam-
age has already occurred. Advanced techniques like UAV-based hyperspectral imaging offer a
non destructive and efficient way to detect subtle physiological changes in plants before visible
symptoms appear. This enables farmers to take targeted and timely action, reducing input costs
and improving productivity. Therefore, developing reliable early detection methods is essential
for sustainable soybean cultivation and food security.
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Chapter 2

Review of Past Work and Problem
Formulation

2.1 Literature Review

Many studies demonstrate that UAV-based hyperspectral imaging can flag nitrogen stress up
to 2 weeks before visual symptoms. Benincasa et al. improved wheat yield forecast accuracy
from 65% to 82% at jointing (32), and Yu et al.’s BES-ELM model (R² = 0.837) pinpointed rice
NNI deficits during vegetative growth (33). Early action based on these detections can reduce
nitrate leaching and N2O emissions by up to 30%, increase nitrogen-use efficiency by about
20%, and increase final yields by 8–12%. Recent advances in hyperspectral remote sensing
and unmanned aerial vehicle (UAV) technologies have opened new possibilities for efficient and
precise nitrogen stress monitoring. For instance, Tao et al. (2020) utilized UAV-based hyper-
spectral data to estimate crop growth parameters, demonstrating its effectiveness in assessing
crop development (34). Similarly, Moghimi et al. (2019) integrated deep neural networks with
UAV hyperspectral imagery to predict high wheat yields (35). Another study examined how
well hyperspectral imaging from unmanned aerial vehicles (UAVs) could predict the concen-
trations of nitrogen (N), phosphorus (P), potassium (K), and sulphur (S) in potato plants (36).
Abiotic stressors, like water stress and nutrient shortages, can have a more detrimental effect on
crop productivity than biotic stress, which can lower crop yields by 70% (37). So, continuous
monitoring of abiotic stress is not just an option, but a requirement for better crop productiv-
ity. Previous studies have demonstrated the potential of airborne and UAV-based hyperspec-
tral imagery for assessing nitrogen status in wheat, particularly through red-edge indices and
nitrogen-sensitive wavelengths (38; 39; 40). However, these studies have largely focused on
quantitative nitrogen estimation at established growth stages, while recent approaches combin-
ing spectral and textural information have further improved prediction accuracy (41). Red-edge
hyperspectral information has also been successfully used to estimate aerial nitrogen uptake in
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winter wheat (42). Despite these advances, limited attention has been given to the early spec-
tral discrimination of contrasting nitrogen treatments before visible canopy symptoms become
pronounced. The present study addresses this gap by analysing the complete hyperspectral
response of wheat at an early growth stage, identifying nitrogen-sensitive wavelength regions,
and applying statistical and spectral analyses to quantify treatment discrimination. The inte-
gration of UAV hyperspectral data with ground-based spectroradiometer observations further
strengthens the validation of the results. Thus, this study extends previous work from nitrogen
estimation toward early and statistically validated nitrogen-treatment discrimination. Several
studies have demonstrated the effectiveness of UAV-based hyperspectral imaging for early crop
disease detection. Guo et al. (2024) proposed a framework integrating canopy pigments and
spectral indices from UAV hyperspectral data for early stripe rust detection in wheat, achieving
78.1% accuracy during the asymptomatic phase using a Random Forest model, with pigment
parameters found to be more discriminative than spectral indices alone(43). Advancing be-
yond classification, Zhang et al. (2023) developed an end-to-end deep learning approach for
pixel-level quantitative regression of the wheat stripe rust Disease Index from UAV hyper-
spectral imagery acquired over 1,000 wheat varieties, enabling continuous severity mapping
rather than binary disease labeling(44). Abdulridha et al. (2020) validated both UAV-based
and benchtop hyperspectral systems for simultaneous detection of target spot and bacterial spot
in tomato, demonstrating that machine learning classifiers could reliably distinguish multiple
disease types across field and laboratory scales(45). While previous studies have demonstrated
the potential of hyperspectral imaging for soybean disease detection, existing works remain
largely confined to benchtop or greenhouse setups with detached leaf samples under controlled
illumination conditions limiting their direct applicability to real-world field environments(46).
Furthermore, UAV-based hyperspectral studies in soybean have exclusively targeted soilborne
fungal diseases such as Sudden Death Syndrome (SDS)(47), and no study has yet extended
this approach to viral pathogens at the canopy scale. To address this critical gap, this letter
presents, to the best of the authors’ knowledge, the first investigation into early-stage detec-
tion of Soybean Mosaic Virus (SMV) using UAV-mounted hyperspectral imaging under actual
field conditions, bridging the scale gap between controlled laboratory studies and operational
precision agriculture deployment.
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2.2 Problem formulation for early stage nitrogen stress de-
tection in wheat

As presented above, many studies have been performed for nutrient stress monitoring, but very
limited successful studies have been conducted for early-stage nitrogen stress monitoring. This
study proposes detecting nitrogen stress at an early stage in wheat using UAV-based hyperspec-
tral data, a handheld spectroradiometer, and an NDVI sensor. The major topic of this work is
how to use a hyperspectral-equipped UAV and in situ measurements with a variety of tools,
such as a handheld spectro-radiometer, multispectral camera, NDVI sensor, soil moisture sen-
sor and thermal camera to monitor and evaluate abiotic stress. The study seeks to detect early
nitrogen stress in wheat by evaluating:

(A) Variation in wheat canopy spectral reflectance across growth stages under the control
nitrogen dose.

(B) Variation in wheat canopy spectral reflectance across growth stages under the control,
underdose and overdose nitrogen.

(C) Variation in vegetation indices across growth stages under the control, underdose and over-
dose nitrogen.

(D) Identification of Nitrogen stress Using UAV-based hyperspectral sensor data.

(E) Comparison of UAV based data and spectroradiometer data for different nitrogen
treatments.

2.3 Problem formulation for early soybean disease detection

In this study, we address this challenge by utilizing three categories of hyperspectral datasets:
(i) healthy plants, (ii) less healthy plants, and (iii) plants exhibiting early visible symptoms. The
core objective is to investigate whether subtle spectral variations across these categories can be
used to detect disease onset before it becomes visually prominent. By analyzing differences
in spectral reflectance patterns and validating them with field observations, the study aims to
establish a reliable approach for early-stage disease detection.
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Chapter 3

Study Area

3.1 Study area of wheat

This study was conducted at IIT, Indore in Indore district in western Madhya Pradesh (MP),
India and covers an area of about 3898 km2 located between 75.50 E to 76.20 E longitude
and 220 N to 23.100 N latitude. MP has a continental climate, with minimum, maximum, and
average temperatures of 8.100 C, 43.20 C and 260 C, respectively. The study site is shown in
Figure 3.1. MP is the third largest producer of wheat in India. In this region, wheat, potato, and
onion are grown during October-April cycle and typically harvested in mid-March or early-
April. Soil quality, monsoon variation, and heat stress affect crop growth. The presence of
black clayey soil rich in nutrients like iron, magnesium, etc., is beneficial for flourishing dry
crops(48). The topography of this region is mainly flat, with slightly higher terrain in the
southwest direction.
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Figure 3.1: The geographical location of the farm that lies in the central part of India

3.2 Study area of soybean

The study was conducted in an experimental agricultural field located near Indian Institute of
Technology Indore, Indore Madhya, Pradesh. The region lies between 22°N latitude and 76°E
longitude and is characterized by a subtropical climate with hot summers, moderate monsoon
rainfall and mild winters. The average annual temperature ranges from about 8°C in winter
to 43°C in summer, with most rainfall occurring during the monsoon season typically between
June to September. A detailed map of the study area showing the field location and surrounding
region is presented in Figure 3.2.
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Figure 3.2: The geographical location of the farm that lies in the central part of India
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Chapter 4

MATERIAL AND METHOD

4.1 Field data

The field data for this study were collected through carefully controlled experimental condi-
tions. The experiment was conducted by establishing 30 subplots, each measuring 3 × 3 feet,
within the experimental farm. Each subplot was sown with the wheat variety HI-1544, using
a total of 527 grams of seeds. On average, approximately 17.5 grams of seeds were sown per
subplot. Sowing operations were carried out manually on 3rd Jan 2025 to ensure uniform seed
distribution across all subplots. A total of eight irrigation events were conducted throughout the
growing season, some of which are shown in Figure 4.1 and labelled as I1, I2, etc. beginning
with the first irrigation on 5th Jan 2025, just two days after sowing, and then approximately
every 10 days, irrigation was done .

Fertilization was similarly managed in a structured manner. Three fertilization rounds were
conducted during the crop cycle. The first fertilization took place on 9th Jan 2025, coinciding
with early crop establishment. The second fertilization was applied on 30th Jan 2025, target-
ing the crop’s vegetative growth phase. The final application was made on 17th Feb 2025,
to support the reproductive development stage. Fertilizer doses were administered based on
specific treatment plans to induce nutrient stress or optimize crop nutrition, depending on the
experimental group.

To study the effects of nutrient and water variations, the subplots were divided into three
main treatment categories recommended by Indian Council of Agriculture Research (ICAR):

1)Nitrogen Treatments:
A) Recommended nitrogen dose (120 kg/ha)
B) Nitrogen underdose (60 kg/ha)
C) Nitrogen overdose (180 kg/ha)
2)Phosphorus/Potassium (P/K) Treatments:
A) Recommended P/K dose (60 kg/ha and 30 kg/ha)
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B) PK underdose (30 kg/ha and 15 kg/ha)
C) PK overdose (90 kg/ha and 45 kg/ha)
3) Water Treatments:
A) Control (recommended irrigation volume)
B) Water underdose (50% less than Control)
C) Water overdose (50% more than Control)

These treatments were implemented to systematically induce varying levels of abiotic stress,
allowing for the observation and analysis of crop physiological and spectral responses under
different nutrient and water regimes.

For the in situ data, multiple sensors and imaging devices were used to capture detailed
biophysical and spectral information. A handheld Apogee PS-100 spectroradiometer having a
wavelength range of 350-1000nm was used to record canopy reflectance across a continuous
spectral range, critical for hyperspectral analysis. Soil moisture content was monitored using
a 5 probe soil moisture sensor, enabling real-time assessment of water availability within the
root zone.

Vegetative vigor was assessed using a dedicated NDVI sensor, which provided normalized
difference vegetation index measurements directly in the field. Thermal imaging was performed
with a thermal camera to detect canopy temperature variations, offering indirect insights into
plant water status and stress levels. Multispectral images were captured using a multispectral
camera (Parrot Sequoia). Four discrete spectral bands, namely green, NIR, red, and red-edge,
supplemented the hyperspectral data with spatially resolved spectral information. Additionally,
a DSLR camera was used for high-resolution RGB imagery collection to document crop mor-
phology and growth stages visually. The details of instruments are shown in Table 4.1.

Table 4.1: Detail of Instruments used for Data Acquisition

Data Instrument Used Specification Use Case
Spectral Signature Apogee PS-100

Spectroradiometer
350-1000 nm Indices

Hyperspectral UAV
Images

DJI Matrice 300
RTK (Drone)

Range (vertical):
300 m

To Mount Hyper-
spectral Sensor

RGB Aerial Imagery Ideaforge UAV SONY ILCE-5100
RGB camera

Initial Aerial
Monitoring

NDVI Apogee NDVI Sen-
sor

Downward looking NDVI Validation

All sensors were carefully calibrated following manufacturer guidelines before and during
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field campaigns to ensure data accuracy and reliability. Data collection was performed under
clear sky conditions, predominantly between 01:00 PM and 04:00 PM, to minimize variations
due to solar zenith angle changes and atmospheric effects. The field condition and the experi-
mental setup is shown in Figure 4.1.

Figure 4.1: Growth stage of wheat during the crop cycle

4.2 UAV data

In addition to in situ measurements, aerial hyperspectral imagery was captured using a Resonon
Pika L hyperspectral sensor(Resonon Inc., Bozeman, MT, USA) having a 400–1000 nm spec-
tral range, 281 spectral channels, and a 2.7 nm (FWHM) spectral resolution, mounted on a DJI
Quadcopter (DJI, Shenzhen, China) as shown in Figure 4.2.

Figure 4.2: The DJI drone mounted with a hyperspectral camera used for hyperspectral
data collection.
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Before UAV data collection, a detailed flight plan was prepared based on the required flight
altitude, desired spatial resolution, target area coverage, and prevailing illumination conditions
(Figure 4.3). The UAV missions were pre-planned using the Resonon Ground Station v7.13
desktop application. A constant takeoff and flight altitude of 50 m was maintained, resulting
in a ground sampling distance (GSD) of 0.63 cm/pixel. The takeoff speed was set to 10 m/s,
while the survey flight speed was maintained at 1 m/s to ensure high-quality data acquisition.
The flight path was designed with a course angle of 29°. The flight altitude was kept con-
stant (50 m) in order to maintain uniformity in data collection. The data was collected under
clear-sky conditions, preferably between 1:00 PM and 4:00 PM to avoid the shadow effect
at peak noon. The solar zenith angle was 36.5°, while the wind speed was 5.9 km/h during
the data acquisation. Pre-planned flight paths ensured consistent coverage and 70% to 80%
overlap between successive images. The hyperspectral image of the experimental plot and the
corresponding NDVI masked vegetation is shown in Figure 4.4. NDVI thresholding was ap-
plied to mask soil pixels from vegetation. A threshold value of 0.3 was adopted, as pixels
with NDVI below this value were considered non-vegetated, following common practice in
crop remote sensing studies (49). Together, UAV-based hyperspectral and spectroradiometer
datasets provided rich spatial and spectral information, enhancing the ability to detect subtle
variations in plant health, canopy structure, and stress symptoms. The integration of UAV data
with ground-collected measurements created a comprehensive, multi-source dataset that signif-
icantly improved the monitoring and evaluation of wheat crop responses under varying nutrient
treatments.

Figure 4.3: The flight plan for UAV-based hyperspectral acquisition covering the experimental
site.
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(A) (B)

Figure 4.4: (A) UAV hyperspectral imagery of the experimental plot. (B) masked vegetation
using NDVI.
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4.3 A detailed workflow

Figure 4.5: A detailed workflow illustrating the experimental setup and field data collection us-
ing multiple sensors, followed by hyperspectral image preprocessing performed in Spectronon
software (version 3.4.11), and data analysis in Python (version 3.12.3).
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Chapter 5

RESULTS AND DISCUSSION

5.1 Preprocessing of hyperspectral data

Preprocessing of hyperspectral imagery for illumination variation, geocoding, and spec- tral
calibration was performed in Spectronon Pro software (version 3.4.11). Initially, the flight
computer converted the sensor’s raw DN values to radiance in real time using a manufacturer-
supplied calibration file (radiometric calibration). This ensures that all data cubes generated by
the sensor are in radiance units. Following this, the radiance data cubes were processed using
the Georectify plugin in Spectronon Pro, designed explicitly by Resonon for georectification.
The software allows for the incorporation of a digital terrain model to enhance the georectifi-
cation accuracy. Subsequently, the georectified radiance values were converted to reflectance.
This was accomplished by referencing targets with known reflectivity placed within the study
field, featuring a tarp of differing grey levels that reflect 24% and 36% across all spectral bands.
To reduce noise in the data, the spectral reflectance curves were then smoothed using a Sav-
itzky–Golay filter (Spectronon Pro software) [38]. For our study, we employed a filter with
a kernel size of 13 and a polynomial order of 3, following recommendations provided by the
sensor manufacturer. An example of the raw data and preprocessing is shown in Figure 5.1.
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(a) (b)

(c)

Figure 5.1: Spectral profiles of vegetation and soil at different processing stages. (A) Raw
radiance captured using the UAV-based hyperspectral sensor. (B) Reflectance spectra obtained
after radiance-to-reflectance conversion using a spectrally flat reference panel. (C) Smoothed
spectra after applying a Savitzky–Golay filter.

27



5.2 Variation in wheat canopy spectral reflectance across growth
stages under the control nitrogen dose

Figure 5.2: Temporal change in spectra of wheat during the crop cycle for control nitrogen
dose. Growth stages shown are (a) CRI (b) tillering (c) booting (d) flowering (e) milking

Figure 5.2 represents the reflectance curve for critical growth stages of wheat—Crown Root
Initiation (CRI), tillering, booting, flowering, and milking—averaged over all the control sub-
plots. At the CRI stage, reflectance remains the lowest across the entire spectrum, with NIR
values ranging approximately from 0.1 to 0.5, as most of the reflectance came from a very small
canopy. As the crop reaches the tillering and booting stages, a “green peak” emerges near 550
nm, with reflectance between 0.12 and 0.15 due to increased chlorophyll, while a sharp “red-
edge” transition occurs at 700 nm. As the crop reaches the flowering stage, the NIR reflectance
reaches its maximum values of approximately 0.5 between 750 and 850 nm, indicating dense
canopy closure and complex internal leaf scattering. In the milking stage, a shift is observed:
the reflectance in the visible region (500–700 nm) nearly triples, peaking at 0.32 near 600 nm
as chlorophyll degrades. Concurrently, the NIR reflectance drops to 0.35, indicating a loss of
leaf transition and moisture as the wheat matures and reaches senescence (50). The progres-
sion observed in our plots matches the changes in the reflectance curves and reflects the crop’s
natural physiological development.
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5.3 Variation in wheat canopy spectral reflectance across growth
stages under the control, underdose and overdose nitro-
gen

Here, we monitored the variation in spectral reflectance for four growth stages with BBCH
code 21 (emergence), 28 (tillering), 33 (stem elongation), and 55 (heading) on the dates 3rd

Feb 2025, 7th Feb 2025, 14th Feb 2025, and 28th Feb 2025, respectively. Initially, little vari-
ation in reflectance was observed among the N treatments, averaged across subplots with the
same treatment. The NIR reflectance (800 to 1000 nm) saturates around 0.35 for all three N
treatments, as shown in Figure 5.3A. This indicates that, at this very early stage, the impact of
different nitrogen doses has not yet significantly altered chlorophyll concentration or canopy
structure enough to detect differences between doses. On 7th Feb 2025, a clear difference
can be observed between the control and underdose treatment, particularly in the NIR region,
but overdose cannot be differentiated from underdose, as shown in Figure 5.3B. On 14th Feb
2025, the overdose treatment showed the lowest visible reflectance (0.18 at 550 nm), indicat-
ing higher chlorophyll-induced absorption, whereas the control treatments showed higher NIR
reflectance (0.62–0.4), as shown in Figure 5.3C. On 28th Feb 2025, a clear difference in the
visible reflectance spectra of all three doses can be observed. Overdose treatment showed the
lowest visible reflectance (0.25), while underdose treatment showed significantly higher visible
reflectance (0.3), as shown in Figure 5.3D. These results underscore the potential for spectral
monitoring to identify nitrogen stress in its early vegetative phases, providing a data-driven ba-
sis for nitrogen management. Spectral reflectance signatures change clearly with the nitrogen
level in wheat, and this pattern becomes more visible as the crop grows (51). Only a few stud-
ies have shown how canopy reflectance changes across the entire growing season in overdose,
underdose, and control nitrogen conditions, even though this information is very important for
detecting nitrogen stress at early stages (52). Among the observation dates, 28th Feb 2025
showed the clearest spectral separation among the three nitrogen treatments, particularly in the
visible and red-edge regions. Therefore, this date was further examined to identify the specific
wavelengths that provided maximum discrimination among the nitrogen treatments. The spec-
tral analysis for 28th Feb 2025 showed that the red to red-edge region (642.4–706.0 nm) had
the highest sensitivity to nitrogen variation. Specific sensitive wavelengths were identified at
642.4, 646.6, 650.8, 655.0, 659.2, 663.5, 667.7, 672.0, 676.2, 680.5, 684.7, 689.0, 693.2, 697.5,
701.7, and 706.0 nm. These wavelengths were associated with changes in chlorophyll-related
spectral absorption caused by different nitrogen levels. The corresponding analysis highlights
the spectral region that provided the greatest discrimination among the nitrogen treatments.
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(a) (b)

(c) (d)

Figure 5.3: The Early-stage spectral reflectance variation in control, underdose, and overdose
nitrogen treatments, averaged over the subplots with the same treatment. The solid lines rep-
resent the mean spectral reflectance, with sample sizes of n = 12 for the control and n = 3
for both underdose and overdose treatments, while the shaded region represents the 95% confi-
dence interval (CI) around the mean. A clear distinction can be observed for different doses on
7th Feb 2025, 14th Feb 2025, and 28th Feb 2025, whereas at an early stage on 3rd Feb 2025„
no distinction was observed. (A) 3rd Feb 2025; (B) 7th Feb 2025; (C) 14th Feb 2025; (D) 28th

Feb 2025.
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5.4 Variation in vegetation indices across growth stages un-
der the control, underdose and overdose nitrogen

During the early growth stages, all indices exhibited minimal separation among treatments due
to limited leaf area, weak pigment differentiation, and strong soil background influence. On
11th Feb 2025, the overdose treatment achieved the highest index values with the NDVI and
CLred−edge peaking at approximately 0.80, and other indices the NDRE, ND705, and DATT—
peaking between 0.4 and 0.6. In the overdose treatment, all the vegetation indices have higher
values compared to underdose and control, as shown in Figure 5.3. To statistically validate
the observed spectral differences between treatment groups, a one-way Analysis of Variance
(ANOVA) was performed independently for each vegetation index across twelve acquisition
dates, with treatment group (Control, Underdose and Overdose) as the single independent fac-
tor and degrees of freedom df=(2,n-3). ANOVA compares the variation between treatment
means with the variation within treatments, with p < 0.05 considered statistically significant.
The initial pairwise p-value heatmaps showed that significant differences between treatment
groups occurred only on specific acquisition dates rather than consistently throughout the grow-
ing season Figure 5.5. In particular, the Control–Underdose comparison showed significant
differences for NDVI (p = 0.001) and ND705 (p = 0.017) on 3rd Feb 2025, whereas the
Control–Overdose comparison showed significant differences for NDVI (p = 0.023), ND705
(p = 0.007), NDRE (p = 0.043), and DATT (p = 0.045) on 28th Feb 2025. The assumptions
underlying ANOVA were subsequently assessed using the Shapiro–Wilk test for normality and
Levene’s test for homogeneity of variance. For date × index combinations showing signifi-
cant overall ANOVA results, Tukey’s HSD post-hoc test was applied to identify the specific
treatment pairs responsible for the observed differences. Across the 60 date × vegetation-index
combinations, nominally significant ANOVA effects were observed for NDRE and CLred−edge

on 7th Feb 2025 and ND705 on 28th Feb 2025. Tukey’s HSD indicated that these differences
were primarily associated with the Control–Overdose comparison, while comparisons involv-
ing the Underdose treatment were not significant. The corresponding (n2 = 0.347˘0.374) and
(w2 = 0.249˘0.272) values indicated appreciable treatment-associated effects for these date-
specific observations as shown in Table 5.2. Overall, the results indicate that nitrogen treatment
produced detectable spectral differences at specific stages of crop development, particularly be-
tween the Control and Overdose treatments, but these effects were not consistently significant
across the complete observation period after accounting for multiple testing. A clear distinc-
tion is also evident in the vegetation index map, as shown in Figure 5.6. These results confirm
that hyperspectral vegetation indices, particularly those derived from the red-edge region, are
reliable indicators of nitrogen status once sufficient canopy structure and pigment development
are present, and these findings are very useful in early nitrogen stress detection and also support
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pure reflectance behaviour in control, underdose, and overdose nitrogen treatments.

Table 5.1: Vegetation Indices Used for Leaf Nitrogen Estimation

Index Formula Short
Form

Full Form Reference

NDVI=
NIR−Red

NIR +Red
NDVI Normalized Difference

Vegetation Index
Tucker, C.J.
(1979), Remote
Sensing of Envi-
ronment.

NDRE=
NIR−RE

NIR +RE
NDRE Normalized Difference

Red-Edge Index
Barnes, E.M. et
al. (2000), Preci-
sion Agriculture
Conference.

ND705=
R750 −R705

R750 +R705

ND705 Red-Edge Normalized
Difference 705 Index

Gitelson, A.A. &
Merzlyak, M.N.
(1994), RSE.

CLRE=
R750

R710

CLred−edge Chlorophyll Red-Edge
Ratio Index

Clevers, J. & Gi-
telson, A. (2013),
IEEE JSTARS.

DATT=
R740 −R720

R740 +R720

DATT Double-Angle Trans-
formed Triangular
Index

Delegido, J. et
al. (2011), Agric.
Forest Meteorol-
ogy.
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Such early stage insensitivity, particularly evident in NDVI is consistent with previous find-
ings showing that incomplete canopy closure and low chlorophyll content diminish nitrogen
related spectral contrasts(53). As the wheat crop advanced into booting, flowering and grain
filling phases, the spectral response increasingly diverged across the nitrogen levels. In the
overdose treatment all vegetation indices have higher values compared with the underdose and
control treatments. These results confirm that hyperspectral vegetation indices, particularly
those derived from the red edge region are reliable indicators of nitrogen status once sufficient
canopy structure and pigment development are present and these finding are very useful in early
nitrogen stress detection and also supporting pure reflectance behaviour in control, underdose
and overdose nitrogen treatments.
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(a) (b)

(c) (d)

Figure 5.4: Time series of nitrogen-sensitive vegetation indices in wheat, namely (A) NDVI,
(B) NDRE, (C) ND705, (D) CLred−edge, and (E) DATT, in underdose, control, and overdose
nitrogen treatments. Overdose treatment increases chlorophyll and canopy density, resulting in
higher index values compared to underdose and control.
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(e)

Table 5.2: ANOVA test statistics, effect sizes, and significant Tukey’s HSD comparisons for
vegetation indices under different nitrogen treatments.

Date Index F η2 ω2 Tukey HSD comparison
7 Feb 2025 NDRE 3.980 0.347 0.249 Control–Overdose

7 Feb 2025 CIred−edge 4.313 0.365 0.269 Control–Overdose

28 Feb 2025 ND705 4.178 0.374 0.272 Control–Overdose

F : F-statistic; η2: eta-squared; ω2: omega-squared.
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Figure 5.5: The p-values for the ANOVA test from pairwise statistical comparisons (control
vs. underdose, control vs. overdose, and underdose vs. overdose) across five vegetation indices
(NDVI, ND705, NDRE, CLred−edge, and DATT) between 30th jan 2025 and 21st March 2025.
Cell colour indicates significance level, with blue representing low p-values (highly significant)
and dark red representing high p-values (non-significant). The highly significant results (p <
0.05) are highlighted in black boxes.
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Figure 5.6: Vegetation index map using UAV-based hyperspectral imagery captured on 17th

Feb 2025.

5.5 Identification of nitrogen stress using UAV based hyper-
spectral sensor

For large-scale field monitoring, detecting abiotic stress with a handheld spectroradiometer
is time-consuming and operationally challenging. These limitations can be effectively ad-
dressed using a UAV-based hyperspectral sensor, which produces results consistent with those
of the spectroradiometer. Figure 5.7 represents the spectral reflectance curve averaged over
the subplots with the same nitrogen treatment. The underdosed plant canopy showed higher
visible-region (400–700 nm) reflectance (0.08–0.11) due to reduced chlorophyll content. Re-
duced chlorophyll leads to lower absorption at the green wavelength, resulting in higher re-
flectance (54). In overdose plants, higher chlorophyll content increases radiation absorption in
the green region and is associated with greater biomass and canopy development, resulting in
lower reflectance (55). The red-edge position shifts toward shorter wavelengths under nitrogen
deficiency, a known physiological response that serves as a key indicator of early stress detec-
tion (56). For the NIR spectrum, the overdosed plant showed a higher peak (0.42–0.55) due to
higher canopy structure, and the underdosed plant showed a peak at a lower reflectance value
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(0.3–0.38) due to lesser vegetation canopy. The control-dose plants showed a reflectance value
between the overdose and underdose. These findings align with previous research demonstrat-
ing the potential of hyperspectral sensors in quantifying nitrogen variability across agricultural
plots. This capability is vital for optimizing nutrient management and improving nitrogen use
efficiency in wheat cropping systems.

Figure 5.7: Normalized reflectance spectra obtained from UAV-based hyperspectral imagery
for underdose, control, and overdose treatments averaged over subplots with the same nitrogen
treatment. The shaded region represents the standard deviation among treatment replicates.
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5.6 Comparison of hyperspectral sensor and spectroradiome-
ter measurements

A comparison between UAV-based hyperspectral sensor output and handheld spectroradiome-
ter measurements reveals a high degree of spectral agreement post-irradiance normalization.
The spectral agreement was confirmed by very high Pearson correlation values. The results are
shown in Figure 5.8.

(a) (b)

Figure 5.8: (A) Spectral comparison between UAV-based hyperspectral data and handheld
spectroradiometer data post irradiance normalisation for the overdose nitrogen treatment, show-
ing strong agreement in terms of Pearson correlation: r = 0.9913. (B) Spectral comparison for
the underdose nitrogen treatment, also indicating high consistency between both sensors in
terms of Pearson correlation: r = 0.9841.

Both sensors capture key vegetation reflectance features, such as the red-edge transition
(700 nm) and near-infrared plateau, crucial for vegetation health assessment. The slight vari-
ations observed in the raw spectra are likely due to differences in sensor calibration, viewing
geometry, and atmospheric conditions. Nevertheless, the overall spectral congruence validates
the accuracy of UAV hyperspectral data in representing ground-truth reflectance (57). This
alignment is critical for scaling plot-level spectral indices to field-wide assessments, enabling
robust stress detection and vegetation monitoring at larger scales (58).
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5.7 Temporal spectral variation and disease progression in
soybean

To analyse the progression of disease in soybean, UAV-based hyperspectral data were acquired
on three different dates: 2nd Aug 2025 (healthy condition), 6th Aug 2025 (slightly affected),
and 12th Aug 2025 (early disease symptoms visible). The UAV image of the experimental field
is shown in Figure 5.9, followed by the spectral comparison across the three dates in Figure
5.10.

Figure 5.9: Hyperspectral image of the soybean experimental field showing spatial variability
in crop condition across the study area. A) 2nd Aug 2025, B) 6th Aug 2025, C) 12th Aug 2025

The temporal variation in spectral reflectance is presented in Fig. 5.10. On 2nd Aug 2025,
the crop was healthy, and the reflectance curve exhibits a typical vegetation signature, with low
reflectance in the visible region and a steady increase in the near-infrared (NIR) region.

By 6th Aug 2025, slight variations in reflectance are observed, particularly in the visible
and red-edge regions, indicating the initial onset of stress, although no clear visual symptoms
were evident in the field.

A more pronounced change is observed on 12th Aug 2025, where the reflectance values are
significantly higher, especially in the NIR region. This increase in reflectance is associated with
changes in canopy structure and reduced chlorophyll absorption due to disease development.
These spectral differences were also consistent with field observations, where early disease
symptoms began to appear during this stage.
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Figure 5.10: Temporal variation in hyperspectral reflectance of soybean canopy on 2nd Aug
2025 (healthy), 6th Aug 2025 (slightly affected), and 12th Aug 2025 (early disease stage). A
clear increase in reflectance, particularly in the NIR region, is observed as the disease pro-
gresses.

Overall, the temporal analysis demonstrates that hyperspectral data can capture subtle changes
in plant condition before and during the early stages of disease development, making it an ef-
fective tool for early disease detection in soybean.
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Chapter 6

CONCLUSION

This study demonstrated the potential of UAV-based hyperspectral imaging combined with
ground-based spectroradiometer measurements for monitoring nitrogen stress in wheat and
early disease detection in soybean. The temporal variation in the reflectance of the control,
underdose, and overdose treatments is clearly visible and can be used for early-stage nitro-
gen detection. Several nitrogen-sensitive wavelengths were identified, including 642.4, 646.6,
650.8, 655.0, 659.2, 663.5, 667.7, 672.0, 676.2, 680.5, 684.7, 689.0, 693.2, 697.5, 701.7, and
706.0 nm, which showed greater discrimination among the nitrogen treatments.Time-series of
various nitrogen-sensitive vegetation indices such as the NDVI, NDRE, ND705, CLred−edge,
and DATT clearly differentiated between nitrogen treatments, with higher values consistently
observed in nitrogen-overdose plots, reflecting improved canopy vigour and nitrogen content.
The time-series for these indices also indicate variation for the different nitrogen treatments at
early and later growth stages. The crop was sown on 3rd Jan 2025, and differences among the
nitrogen treatments became evident by 28th Feb 2025. The variation among the under-dose,
recommended-dose, and over-dose treatments was also statistically supported by ANOVA.
These results indicate that hyperspectral data were sensitive to subtle changes in crop spec-
tral response caused by different nitrogen levels. The findings are consistent with previous
studies reporting the usefulness of hyperspectral and red-edge information for assessing nitro-
gen status in wheat. Compared with conventional vegetation indices, hyperspectral data pro-
vide information across a wider range of wavelengths, which can help capture subtle nitrogen-
related changes. Therefore, UAV hyperspectral imagery can serve as a useful early-warning
approach for identifying nitrogen stress before the symptoms become strongly visible. Over-
all, the integration of UAV hyperspectral technology with spectral analysis offers a scalable
and non-destructive approach to improve nitrogen use efficiency, early-stage nitrogen detec-
tion, and crop productivity in wheat cultivation. A demonstration of the early detection of
nitrogen stress in wheat showed that a high correlation between UAV-based hyperspectral data
and handheld spectroradiometer data was obtained. The second study demonstrated the po-
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tential of UAV-based hyperspectral imaging for early detection of soybean disease under real
field conditions. By analysing temporal hyperspectral datasets acquired at three stages mainly
healthy, slightly affected, and early symptomatic the study showed that spectral reflectance
patterns change consistently with disease progression. Healthy plants exhibited a typical vege-
tation signature, while early-stage disease conditions showed noticeable variations, particularly
in the visible, red-edge, and near-infrared regions. Unlike many previous studies that rely on
controlled environments or detached leaf analysis, this work was conducted under actual field
conditions, making the findings more practical and applicable to real-world agricultural scenar-
ios. The use of UAV-mounted hyperspectral sensors also enables rapid, non-destructive, and
large-scale monitoring, which is essential for precision agriculture.
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Chapter 7

FUTURE WORK

This study primarily focused on nutrient stress associated with nitrogen in wheat. In the fu-
ture, detailed investigations on phosphorus and potassium nutrient stress will be conducted
to provide a more holistic understanding of plant responses under different nutrient stresses.
Such studies may help identify distinct spectral and physiological changes linked to multiple
macronutrient stresses. Furthermore, during the present study, yield data could not be col-
lected as the experimental farm was damaged by Indian hare (Lepus nigricollis) at the maturity
stage of the crop, resulting in complete loss of crop. Hence, analysis of the impact of nutrient
stress on the final crop yield could not be carried out. In future studies, appropriate protective
measures will be adopted to safeguard the crop during the critical maturity phase, enabling
the collection of reliable yield data and strengthening the agronomic relevance of the findings.
Additionally, the impact of nutrient stress on crop yield can be explored to establish stronger
agronomic significance. Examining the relationship between nutrient deficiency, plant health
indicators, and final yield will further support the practical applicability of this work in preci-
sion agriculture and crop management. In future, Machine learning and deep learning models
can be used to automate disease detection instead of relying only on spectral comparison, mak-
ing the approach more practical for larger areas. The study can also be carried out over multi-
ple crop seasons and different environmental conditions to check how consistent these spectral
patterns remain. Further, including other soybean diseases, both viral and fungal, will help in
developing a more complete and reliable detection framework. The use of vegetation indices,
especially those based on the red-edge region, can be explored in more detail to improve sen-
sitivity to early stress. Combining hyperspectral data with other sensors such as thermal or
multispectral cameras may also improve detection accuracy. Finally, moving towards a near
real-time UAV-based system would make this approach more useful at the field level, allowing
timely decisions and better crop management.
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